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Abstract—Based on the common interest of mobile users4
(MUs) in a social group, the dissemination of content across the5
social group is studied as a powerful supplement to conventional6
cellular communication with the goal of improving the delay7
performance of the content dissemination process. The content8
popularity is modeled by a Zipf distribution to characterize the9
MUs’ different interests in different contents. The factor of altru-10
ism (FA) terminology is introduced for quantifying the willingness11
of content owners to share their content. We model the dissemi-12
nation process of a specific packet by a pure-birth-based Markov13
chain and evaluate the statistical properties of both the net-14
work’s dissemination delay as well as of the individual user-delay.15
Compared to the conventional base station (BS)-aided multicast,16
our scheme is capable of reducing the average dissemination delay17
by about 56.5%. Moreover, in contrast to the BS-aided multi-18
cast, increasing the number of MUs in the target social group is19
capable of reducing the average individual user-delay by 44.1%20
relying on our scheme. Furthermore, our scheme is more suitable21
for disseminating a popular piece of content.22
Index Terms—Content dissemination, content popularity, factor23
of altruism, pure-birth based Markov chain, delay analysis.24
I. INTRODUCTION25
A. Background and Related Works26
A S a combination of social science and mobile networks,27 mobile social networks (MSNs) [1] are attracting an28
increasing attention across the research community. In the con-29
text of MSNs, mobile users (MUs) may form a social group30
in order to cooperatively disseminate the content of common31
interest. There are substantial contributions to the performance32
analysis of epidemic forwarding [2] in mobile ad hoc networks33
(MANETs). In the context of MANETs, a two-dimensional34
continuous time Markov chain (CTMC) was proposed in [3] for35
evaluating the performance of a heterogeneous MANETs. To a36
further advance, the authors of [4] derived a tight upper bound37
of the flooding time, which is defined as the number of time-38
steps required for broadcasting a message from a source node to39
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all nodes. Furthermore, in [5] the end-to-end message delivery 40
delay using an epidemic forwarding protocol was investigated 41
theoretically in a composite twin-layer network, which includes 42
a physical MANET and a virtual social network. 43
However, epidemic forwarding [6] is often criticised as being 44
an end-to-end routing protocol, because it consumes substantial 45
resources of the intermediate nodes, which might not be inter- 46
ested in the information to be relayed. However, if MUs can 47
form a social group and request the content of common inter- 48
est together, epidemic forwarding becomes an efficient way 49
of cooperatively disseminating the content in the target social 50
group1. Content dissemination in purely distributed oppor- 51
tunistic networks was investigated in [7] and [8]. Epidemic 52
forwarding aided content dissemination was invoked in [7], 53
where the users share any content updates with others that they 54
meet in order to improve the coverage quality and to increase 55
the capacity. A socially-aware content placement algorithm was 56
proposed in [8] for enhancing the opportunity of MUs to gain 57
access to their contents of interest. 58
Some researches focused on a hybrid content dissemina- 59
tion approach. In [9] and [10], the authors investigated how 60
the content providers and network operators can interact for 61
the sake of efficiently distributing the contents with the aid of 62
a coalition game. At the time of writing, epidemic forward- 63
ing aided content dissemination is widely studied for the sake 64
of offloading tele-traffic from cellular networks. In [11], the 65
authors proposed a framework for initial content-receiver selec- 66
tion in order to disseminate the content of common interest to as 67
many subscribers as possible before interest in the content sub- 68
sides. In [12], where MUs were categorised into “helpers” and 69
“subscribers”, several algorithms were designed for solving the 70
optimisation problem of offloading multiple types of contents 71
from the cellular networks. 72
The above-mentioned contributions [2]–[12] focused their 73
attention on user-encounter-based MANETs or ‘large-scale 74
MSNs’, where the mobile nodes are sparsely distributed across 75
a large area. Typically a rudimentary physical layer model is 76
assumed, namely that if a pair of nodes enter each other’s 77
transmission range, the packet can be successfully delivered 78
from the source to the target. Hence, the delivery delay is 79
dominated by the inter-contact duration2 of mobile nodes 80
[15], rather than by the wireless signal propagation. Due to 81
1Other MUs that do not belong to the target social group are not relied upon
for assisting the content dissemination process.
2In these treatises, the inter-contact duration of MUs is commonly assumed
to obey an exponential distribution, which is demonstrated in [13] with the
aid of artificial or synthetic mobility models and in [14] by realistic measured
mobility traces.
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the underlying long inter-contact duration of the MUs, this82
user-encounter-based content dissemination is only capable of83
delivering delay-tolerant services in a large-scale area. As a84
result, the contributions of [2]–[12] belong to the category of85
delay-tolerant networks (DTNs). However, typically idealised86
simplifying assumptions are used in the literature of the DTN87
paradigm:88
• The commonly assumed simplified physical layer model89
ignores the impact of transmit power, of the path-loss and90
of the multipath fading, etc.91
• The cooperative user-encounter based content dissemina-92
tion in DTNs is not suitable for delivering delay-sensitive93
services.94
B. Motivations and Contributions95
The conventional method of disseminating the delay-96
sensitive content of common interest relies on BS-aided mul-97
ticast, where the BS is the sole transmitter. Since the BS-aided98
multicast has to guarantee the quality of service (QoS) at every99
content requester, the capacity of multicast channels is predeter-100
mined by the worst channel amongst those connecting the BS101
to the content requesters. In this case, due to the time-variant102
nature of wireless channels, when the BS multicasts a packet,103
some MUs may receive it earlier than their less fortunate coun-104
terparts. Then, the successful receivers have to remain silent,105
because the BS would not multicast the second packet, before106
all the MUs successfully receive the current one.107
In high-user-density scenarios, the MUs often share com-108
mon interest in delay-sensitive content. For instance, the crowd109
participating in the inauguration of the new Pope share com-110
mon interest in close-up video-clips of the Pope on the podium.111
Similarly, supporters in a football stadium share common inter-112
est in video-clips of a spectacular goal from different angles113
or in the score updates from another stadium, as exemplified by114
Fig. 1. However, the conventional BS-aided multicast is an inef-115
ficient technique of disseminating the delay-sensitive content of116
common interest in these typical densely populated scenarios.117
The reason for this is two-fold:118
• As the content requesters’ density increases, the worst119
channel amongst those connecting the BS and the con-120
tent requesters becomes even worse, which results in121
excessive dissemination delay [16].122
• Since the dissemination delay is increased, the BS is123
engaged in multicasting for a longer period, which further124
delays all other services.125
If local MUs form a social group for requesting the content of126
common interest from the BS together, local communications127
amongst MUs can be exploited for cooperatively multicasting128
the packets from the packet owners to the hitherto unserved129
MUs in the target social group3. The potential performance gain130
of this social group multicast aided content dissemination over131
the conventional BS-aided multicast arises from the following132
two benefits:133
3A similar methodology of improving BS-aided multicast was also advo-
cated in [17], which was mainly focused on the selection of the initial receivers.
However, the authors of [17] have not analysed the content dissemination stage.
Fig. 1. Social group multicast aided content dissemination in cellular systems.
• Relying on the cooperative multicast of the multiple 134
packet owners results in rich cooperative diversity gains, 135
which in turn improves the packet delivery performance. 136
• Activating direct transmissions amongst the MUs is capa- 137
ble of reducing the distance between a transmitter and 138
receiver pair, which in turn reduces the path-loss-induced 139
channel attenuation between them. 140
Furthermore, since we offload the content dissemination task 141
from the BS-aided multicast to the local communications 142
amongst the social group members, the BS becomes capable of 143
satisfying other communication demands, which consequently 144
improves the efficiency of the BS’s exploitation. 145
The size of the area covered by a social group should be care- 146
fully designed for different scenarios. If the area is as large as 147
a macro-cell, cooperative user-encounter based communication 148
amongst MUs is only suitable for disseminating delay-tolerant 149
information, as we argued at the end of Section I-A. The best 150
option for disseminating delay-sensitive information across a 151
large area is that of classic BS-aided multicast. By contrast, 152
if the area is relatively small, such as a circular area with a 153
radius shorter than a hundred meters, which is comparable to 154
the default transmission range of a MU4, communication effi- 155
ciency between a transmitter and receiver pair is dominated 156
by the wireless signal propagation properties, rather than by 157
their inter-contact duration. Hence, social group aided coop- 158
erative multicast is capable of significantly reducing the delay 159
of the conventional BS-aided multicast, as we emphasized at 160
the beginning of Section I-B. This scenario is termed as a 161
“small-scale MSN” [15], where the channel attenuation factors 162
dominate the associated delay characteristics [19]. Against this 163
background, our novel contributions are as follows: 164
• A hybrid content dissemination approach is proposed, 165
which relies both on BS-aided multicast [20] and on 166
social group multicast aided content dissemination. This 167
process is modelled by a pure-birth based Markov chain 168
(PBMC). Various factors that might affect the perfor- 169
mance of the content dissemination are accounted for, 170
including the path-loss-induced channel attenuation, the 171
multipath fading and the users’ altruistic versus self- 172
ish behaviours, which distinguishes our work from the 173
existing literature of DTNs. 174
4New Wi-Fi protocols, such as 802.11n/ac [18], are capable of supporting a
transmission range of hundreds of meters.
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• We model the popularity of different pieces of contents by175
a Zipf distribution, which affects the specific formation176
of a social group and hence influences the dissemina-177
tion process of the content of common interest across the178
target social group.179
• Considering a specific packet of the content of common180
interest, we analyse the statistical properties of the dis-181
semination delay, which is the time from the BS’s instant182
of multicasting a packet until all the MUs in the target183
social group receive this packet. We also analyse the indi-184
vidual user-delay, which is the time spanning from the185
BS multicasting a packet until a specific MU receives this186
packet.187
• The advantages of our social group multicast aided con-188
tent dissemination scheme over the conventional BS-189
aided multicast are demonstrated by the mobility traces190
extracted from a realistic subway station scenario.191
Note that improving the network infrastructure in high-user-192
density areas can certainly enhance the general communication193
experience of MUs, when supporting phone calls, texts, emails194
and basic data services. However, it may constitute an inef-195
ficient technique of disseminating the content of common196
interest. It may also be an unwise investment for the net-197
work operators, since people often temporarily get together198
for attending social events. Hence, improving the infrastruc-199
ture capacity may be wasteful. By contrast, our social group200
multicast scheme constitutes a more economical and flexi-201
ble solution for disseminating the content of common interest202
amongst the social group members, which is based on direct203
communications between the social group members. We will204
demonstrate that our social group multicast aided scheme out-205
performs the BS-aided multicast in terms of disseminating the206
popular content of common interest in high-user-density areas.207
The rest of the paper is organized as follows. In Section II,208
our system model is introduced. In Section III, we analyse209
the delay metrics. Furthermore, the exact closed-form formulas210
are derived for two special cases in Section IV. Our numeri-211
cal results are provided in Section V. Finally, we conclude in212
Section VI.213
II. SYSTEM OVERVIEW214
Similar to the BS-controlled device-to-device communica-215
tion services of the LTE network [21], our system operates216
by obeying a centralised-control regime combined with a217
decentralised-transmission paradigm5, where the BS acts as218
a centralised controller in order to support the functions of219
synchronisation6, of social group formation as well as of coor-220
dination and resource allocation for multiple content owners221
etc. By contrast, the information transmission is carried out by222
direct communications between a transmitter and receiver pair.223
5This paradigm has been considered as a part of the forthcoming ‘5G’
regime, known as the ‘LTE-Assisted Wi-Fi Direct’ technique [22], where the
control signalling exchange is carried out by the LTE-based BS, while the
information transmission is realised by the Wi-Fi-based direct communication
between a transmitter and receiver pair.
6Since the MUs in the cellular system rely on regular control signalling
exchange with associated BSs, they can readily synchronise with associated
BSs and hence also with each other.
TABLE I
THE REQUEST PROBABILITIES OF M = 10 RANKED POPULAR CONTENTS
FOR BOTH α = 0.56 [24] AND α = 1.0 [23]
A. Content Popularity and Social Group Formation 224
The interest of a MU in a specific piece of content Ci may 225
be modelled by the probability Pr(Ci ) of this MU requesting Ci 226
from the BS. Having a higher request probability Pr(Ci ) indi- 227
cates that the MU is more interested in the content Ci . The 228
statistical analysis of the realistic video viewing behaviours 229
exhibited by YouTube users revealed that a small fraction of 230
popular contents attract the interest of a large fraction of users 231
[23], [24]. Furthermore, the request probabilities of a set of 232
ranked contents, say {Ci |i = 1, . . . ,M}, may be modelled by 233
a Zipf distribution [25], [26]. HereM is the number of contents 234
studied and the subscript i represents the particular position 235
of Ci in the popularity list. A smaller integer subscript i indi- 236
cates that the content is more popular and hence it is likely to 237
be requested more frequently. Therefore, the probability of the 238
piece of content Ci being requested is expressed as 239
Pr(Ci ) =
1
iα∑M
j=1 1jα
, (1)
where α is a predefined exponent. Having a higher value of 240
α results in more intense interests in the top-ranked pieces of 241
contents, as shown in TABLE I. 242
Assuming that we haveNMUs within the area studied, these 243
MUs independently request one piece of contents from the set 244
{Ci |i = 1, . . . ,M} with the corresponding probability defined 245
in (1). The MUs requesting the same content Ci form a social 246
group Gi in order to cooperatively disseminate the content of 247
common interest across the social group. Hence, the size of 248
the social group Gi requesting the same content Ci obeys a 249
Binomial distribution, which is denoted as |Gi | ∼ B[N, Pr(Ci )]. 250
In order to exclude the case of |G| = 0, we adjust the probability 251
mass function (pmf)7 of |Gi |, which is expressed as 252
Pr(|Gi | = N ) =
(N
N
) [
Pr(Ci )
]N [1 − Pr(Ci )]N−N
1 − [1 − Pr(Ci )]N . (2)
where N is the specific size of the social group Gi . As a result, 253
the average P(Ci ) of a specific delay metric associated with dis- 254
seminating the content Ci across the social group Gi , whose size 255
is an adjusted-Binomially distributed random variable, can be 256
expressed as 257
P(Ci ) =
N∑
N=1
P(|Gi | = N ) · Pr(|Gi | = N ), (3)
7If no MUs requests the content, we do not have to study the content
dissemination performance.
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where P(|Gi | = N ) is a delay metric, which is a function of the258
deterministic social group size |Gi | = N . Given the social group259
size N , in Section III, we will derive various delay metrics that260
can replaceP(|Gi | = N ) in (3) in order to evaluate the impact of261
content popularity on the content dissemination performance.262
To sum up, we assume that N MUs form a social group in263
order to request the content of common interest from a BS, as264
shown in Fig. 1. The formation of a social group depends on the265
following conditions:266
• MUs share the same interest in a given piece of content;267
• The content of common interest is of delay-sensitive268
nature;269
• MUs roam in a bounded area having a relatively small270
size and they are geographically close to each other.271
B. Network Layer272
In order to disseminate the content of common interest across273
a social group, the BS creates a specific queue for buffer-274
ing all the packets of the requested content and prepares for275
disseminating these packets one by one, as described below.276
Firstly, the BSs are employed for repeatedly multicasting the277
packet currently at the head of the buffer, until at least one278
of the MUs in the target social group successfully receives279
it. Then, this packet is cooperatively disseminated across the280
social group using multicast techniques.281
During the dissemination process, after successfully receiv-282
ing the packet, the packet owners (POs) may make their283
decisions independently as to whether they would or would284
not forward the packet during the following stage of the dis-285
semination, as shown in Fig. 2. Once some POs decided to286
further forward the packet, they would repeatedly multicast it287
until at least one unserved MU in the target social group suc-288
cessfully receives it. Afterwards, the new POs join the original289
PO set. Both the new POs and the original POs make new290
packet forwarding decisions again for the subsequent stage of291
dissemination. The probability of a PO willing to forward the292
packet is denoted as q (0 ≤ q ≤ 1), which is termed as the293
Factor of Altruism (FA). At a given instant, there might not294
be any POs willing to further forward the packet. As a result,295
the unserved MUs in the target social group have to receive the296
packet directly from the BS. Similarly, the BS repeatedly mul-297
ticasts the packet until at least one unserved MU in the target298
social group receives it.299
During the content dissemination process, similar to the con-300
ventional BS-aided multicast, the BS keeps a specific packet301
at the head of the buffer, until all the MUs in the target social302
group successfully receive it. Then the packet is dropped from303
the buffer and the BS is ready to disseminate the subsequent304
one.305
C. Physical (PHY) Layer306
In the PHY layer, the radio propagation between any pair of307
transmitter and receiver is assumed to experience uncorrelated308
stationary Rayleigh flat-fading. Hence, the square of the fading309
amplitudes |hl(t)|2 during the t th time slot (TS) obeys an expo-310
nential distribution having a unity mean, whose tail distribution311
Fig. 2. Actions of POs during the spontaneous content dissemination.
function (tdf) is Pr[|hl(t)|2 > x] = e−x . Given an arbitrary 312
distance yl in meters, the path loss (PL) l is expressed as [27]: 313
l(yl) =
⎧⎪⎪⎨⎪⎪⎩
1, yl < d0,(
4π fc
c
)κ
yκl , yl ≥ d0,
(4)
where c is the speed of light and fc is the carrier frequency, 314
whereas κ is the PL exponent and d0 is the distance from the 315
transmitter to the ‘near-field’ edge. 316
The random distance Yl is determined by the mobility pattern 317
of the MUs in the target social group. The following mobility 318
model is invoked for our performance analysis: 319
Definition 1 (Uniform mobility model): The position of the 320
i th MU during the t th time interval is denoted by Pi (t), which 321
obeys a stationary and ergodic process having a uniform dis- 322
tribution in the area considered. Moreover, the positions of 323
different MUs are independently and identically distributed 324
(i.i.d.). 325
This mobility model has been widely adopted for the per- 326
formance analysis of MANETs [28], [29]. Let the probability 327
density function (pdf) of the random distance Yl between any 328
two MUs be denoted by fYl (yl). Our forthcoming performance 329
analysis is applicable not only to the uniform mobility model, 330
but to any arbitrary mobility model. 331
Note that, the index l in the formulas is a generic subscript, 332
which represents ‘b’ when the BS is the transmitter, while it 333
represents ‘s’ when a MU is the transmitter. In the rest of the 334
paper, ‘l’, ‘b’ and ‘s’ hold the same meaning. 335
D. Medium-Access-Control (MAC) Layer 336
During a TS, a packet of the content is assumed to be suc- 337
cessfully received by a MU, provided that the instantaneous 338
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received signal-to-noise-ratio (SNR) is higher than a pre-339
defined threshold γ [30]. In order to avoid collisions340
amongst multiple transmitters, orthogonal-frequency-division-341
multiple-access (OFDMA) or code-division-multiple-access342
(CDMA) may be invoked for allocating each transmitter an343
orthogonal channel. We denote the successful packet reception344
probability (SPRP) of a link as μl(yl). By jointly considering345
the PHY layer model, the SPRP is derived as346
μl(yl) = Pr
(
Prt xl |hl(t)|2
l(yl)N0Wl
> γ
)
=
⎧⎪⎨⎪⎩ e
− γ N0Wl
Prt xl , yl < d0,
e
− γ N0Wl
Prt xl
(
4π fc
c
)κ
yκl
, yl ≥ d0,
(5)
where Ptxl is the corresponding transmit power and N0Wl is the347
noise power in a communication bandwidth Wl . Given the pdf348
fYl (yl) of the random distance Yl , the average SPRP μl of a link349
is derived as350
μl =
∫ d0
0
e
− γ N0Wl
Ptxl fYl (yl)dyl
+
∫
yl≥d0
e
− γ N0Wl
Ptxl
(
4π fc
c
)κ
yκ fYl (yl)dyl . (6)
Substituting the corresponding parameters and the pdf of the351
random distance into (6), we can obtain the average SPRP μs352
between a pair of MUs and μb between the BS and a MU.353
Moreover, the following lemma is proposed for our further354
analysis:355
Lemma 1: Given the average SPRP μl of a link during a TS,356
the average SPRP during a sufficiently short time interval t357
(t  1 TS) is approximately μlt .358
Proof: The proof can be found in Appendix A.359 
Note that the SPRP also represents the normalized through-360
put, whose unit is packet/TS [30]. In more details, μl indicates361
that μl packets in average can be successfully received dur-362
ing a TS. Therefore, during t (≤ 1) TS, only μlt packets363
in average can be successfully received.364
III. DELAY ANALYSIS OF THE PACKET DISSEMINATION365
In this section, various delay metrics of the packet dissemina-366
tion process are derived with respect to a specific group size N .367
These metrics may replace the performance function P(|Gi | =368
N ) in (3) in order to characterize the average performance as a369
function of the content popularity.370
A. Pure Birth Markov Chain (PBMC)371
Let us assume that there are N MUs in a considered social372
group. During the process of packet dissemination across the373
target social group, the number of POs steadily increases until374
all the N social group members successfully receive the packet375
of common interest. Hence, the packet dissemination process376
can be modelled by a discrete-time PBMC having (N + 1)377
states, as shown in Fig. 3. In this PBMC, the states represent378
Fig. 3. A pure-birth Markov chain having an absorption state.
the corresponding numbers of POs having received the packet. 379
State transition only occurs from a lower-indexed state to a 380
higher-indexed one. Specifically, the state transition emerges 381
from state 0, which represents the initial stage of the BS-aided 382
multicast, and terminates in state N , which indicates that all 383
the N MUs in the target social group have received the desired 384
packet. 385
Let us first consider the general transition probability from 386
state k to state (k + m), where we have 1 ≤ k ≤ (N − 1) and 387
0 ≤ m ≤ (N − k). In the light of the selfish user-behaviour 388
considered, we assume that only nk , 1 ≤ nk ≤ k, POs are 389
willing to further disseminate the packet at the current stage. 390
Therefore, any unserved MU out of the (N − k) unserved ones 391
is connected to the nk POs by nk wireless links, and any of 392
these links has the probability of μst to successfully deliver 393
the packet during the time interval t according to Lemma 1. 394
As a result, given that nk POs independently deliver their pack- 395
ets to the same target, the SPRP of an unserved MU is expressed 396
as [1 − (1 − μst)nk ]. Furthermore, the state transition prob- 397
ability pk,k+m|nk =0, which is also the probability of m out of 398
the (N − k) unserved MUs successfully receiving the packet 399
during the current time interval t , can be expressed as 400
pk,k+m|nk =0 =
(
N − k
m
) [
1 − (1 − μst)nk
]m
.(1 − μst)nk(N−k−m)
=
(
N − k
m
)[
1−
nk∑
i=0
(
nk
i
)
(−μst)i
]m
.(1 − μst)nk(N−k−m)
=
(
N − k
m
)[ nk∑
i=1
(
nk
i
)
(−1)i+1(μst)i
]m
.(1−μst)nk(N−k−m). (7)
According to (7), the state transition probability pk,k+m|nk =0 401
has the same growth rate as μms tm . Hence, the adjacent-state 402
transition probability pk,k+1|nk =0 of traversing from state k to 403
state (k + 1) has the same growth rate as μst . Substituting 404
m = 1 into (7), pk,k+1|nk =0 can be expressed as 405
pk,k+1|nk =0 = (N − k)nkμst
+ (N − k)
⎡⎣nk (N−k−1)∑
i=2
(
nk(N − k − 1)
i
)
(−μst)i
−
nk (N−k)∑
j=2
(
nk(N − k)
j
)
(−μst) j
⎤⎦ . (8)
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TABLE II
PARAMETERS OF THE PHY LAYER
Fig. 4. State transition probabilities when t = 0.001 TS.
The terms in the square brackets of (8) have the same growth406
rate as μ2st
2
. Compared to the first term (N − k)nkμst in407
(8), the terms in the square brackets are negligibly low, when408
μst is close to zero. Hence, in this case, we can approxi-409
mate pk,k+1|nk =0 as pk,k+1|nk =0 ≈ (N − k)nkμst . Similarly,410
when μst is close to zero, pk,k+m|nk =0 associated with m ≥411
2 in (7) can be approximated as pk,k+m|nk =0 ≈ 0. Moreover,412
substituting m = 0 into (7), we obtain the probability of the413
PBMC sojourning in the current state k after the time inter-414
val t , which is pk,k|nk =0 = (1 − μst)nk(N−k). Again, when415
μst is very close to zero, pk,k|nk =0 can be approximated as416
pk,k|nk =0 ≈ 1 − nk(N − k)μst .417
Another scenario is that no POs are willing to for-418
ward the packet, corresponding to the case nk = 0. Then419
the (N − k) unserved MUs have to receive the packet420
directly from the BS. Similarly, we can also demonstrate421
that pk,k+1|nk=0 ≈ (N − k)μbt and pk,k|nk=0 ≈ 1 − (N −422
k)μbt , while pk,k+m|nk=0 ≈ 0 for m ≥ 2, provided that μbt423
is sufficiently small. Furthermore, it can be shown that p0,1 ≈424
Nμbt , p0,0 ≈ 1 − Nμbt and p0,m ≈ 0 for m ≥ 2, provided425
that μbt is sufficiently small.426
According to the PHY layer parameters in TABLE II, we plot427
the state transition probabilities for state k = 50 and for state428
k = 0, respectively, in Fig. 4. We observe from Fig. 4 that the429
state transition probabilities of pk,k+m and p0,m for m ≥ 2 are430
negligibly low, which demonstrates the high accuracy of the431
above approximations involved.432
Therefore, assuming a sufficiently short time interval t ,433
only adjacent-state transitions occur during the process mod-434
elled by the discrete-time PBMC, as shown in Fig. 3.435
B. Delay of State Transition436
In order to study the delay statistics of disseminating a437
specific packet, we need to know the specific delay that the438
PBMC spends in a particular state, which is termed as the439
state transition delay. As a result, the following lemma may 440
be formulated: 441
Lemma 2: Given the state transition probability μ˜kt from 442
the current state k to state (k + 1), the transition delay from 443
state k to state (k + 1) obeys the exponential distribution with a 444
mean of 1/μ˜k TS, provided that t is sufficiently small. Here, 445
μ˜k is termed as the transition rate. 446
Proof: The proof can be found in Appendix B. 447
Based on Lemma 2, the discrete-time PBMC seen in Fig. 3 448
can be further simplified to a continuous-time PBMC, which 449
only has adjacent-state transitions. The transition rate of this 450
continuous-time PBMC can be shown to be pk,k+1/t , where 451
pk,k+1 is the adjacent-state transition probability derived in 452
Section III-A. 453
Let us first consider the delay Tk of the transition from state 454
k to (k + 1), when k ≥ 1. Since each PO has a probability q of 455
forwarding the packet, in the current state k, the number nk (0 ≤ 456
nk ≤ k) of POs willing to forward the packet obeys a Binomial 457
distribution having a pair of parameters k and q, whose pmf is 458
given by [31] 459
p(nk) =
(
k
nk
)
qnk (1 − q)k−nk , nk = 0, 1, . . . , k. (9)
For the case of nk = 0, we have pk,k+1|nk =0 ≈ nk(N − 460
k)μst . According to Lemma 2, the delay Tk of the transition 461
from state k to state (k + 1) obeys an exponential distribu- 462
tion having a rate of nk(N − k)μs = nkμs,k , where μs,k = 463
(N − k)μs . Hence, when nk = 0, the conditional pdf, the mean 464
and the second moment of Tk may be formulated as 465
fTk |nk (tk) = nkμs,k · e−nkμs,k tk , tk ≥ 0 (10)
E [ Tk | nk] =
∫ ∞
0
tk fTk |nk (tk)dtk =
1
nkμs,k
, (11)
E
[
T 2k
∣∣∣ nk] = ∫ ∞
0
t2k fTk |nk (tk)dtk =
2
(nkμs,k)2
. (12)
For the case of nk = 0, we have pk,k+1|nk=0 ≈ (N − 466
k)μbt , as the MUs in the target social group have to receive 467
the packet from the BS. According to Lemma 2, the delay Tk 468
of the transition from state k to (k + 1) obeys an exponential 469
distribution having a rate of μb,k = (N − k)μb. Hence, given 470
nk = 0, the conditional pdf, the mean and the second moment 471
of Tk are derived as 472
fTk |nk=0(tk) = μb,k · e−μb,k tk , tk ≥ 0 (13)
E [ Tk | nk = 0] =
∫ ∞
0
tk fTk |nk=0(tk)dtk =
1
μb,k
, (14)
E
[
T 2k
∣∣∣ nk = 0] = ∫ ∞
0
t2k fTk |nk=0(tk)dtk =
2
μ2b,k
. (15)
According to the classic Bayesian principle [31], the pdf of Tk 473
may be expressed as 474
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fTk (tk) =
k∑
nk=1
fTk |nk (tk) · p(nk) + fTk |nk=0(tk) · p(nk = 0)
=
k∑
nk=1
(
k
nk
)
qnk (1 − q)k−nk · nkμs,ke−nkμs,k tk
+ (1 − q)kμb,ke−μb,k tk . (16)
Moreover, the mean of Tk is formulated as475
E [Tk] = E [ Tk | nk = 0] p(nk = 0) +
k∑
nk=1
E [ Tk | nk] p(nk)
= (1 − q)
k
μb,k︸ ︷︷ ︸
E[Tk,b]
+
k∑
nk=1
(
k
nk
)
qnk (1 − q)k−nk
nkμs,k︸ ︷︷ ︸
E[Tk,s ]
, (17)
where E[Tk,b] represents the average duration of the BS-aided476
multicasting invoked during the transition from state k to state477
(k + 1), where E[Tk,s] is the average duration of the social478
group multicasting during this state transition. Furthermore, the479
second moment of Tk is formulated as480
E
[
T 2k
]
= E
[
T 2k
∣∣∣ nk = 0] p(nk = 0) + k∑
nk=1
E
[
T 2k
∣∣∣ nk] p(nk)
= 2(1 − q)
k
μ2b,k
+
k∑
nk=1
(
k
nk
)
2qnk (1 − q)k−nk
(nkμs,k)2
. (18)
From (17) and (18), we can also derive the variance481
of Tk by using the formula of V ar [Tk] = E[T 2k ]−{E[Tk]}2.482
Furthermore, we may simply derive the pdf, the mean and the483
second moment of the transition delay T0 from state 0 to state 1484
by substituting k = 0 in (13), (14), and (15), respectively.485
C. Dissemination Delay486
Since the delay of the transition from a state to its successor487
is independent of any other state transition’s delay, and given488
that the dissemination delay across the target social group is489
defined as TD = ∑N−1k=0 Tk , the mean of TD can be expressed as490
E[TD] =
N−1∑
k=0
(1 − q)k
μb,k
+
N−1∑
k=1
k∑
nk=1
(
k
nk
)
qnk (1 − q)k−nk
nkμs,k
,
(19)
while the variance of TD can be formulated as V ar [TD] =491 ∑N−1
k=0 V ar [Tk].492
There is no exact closed-form tdf for the dissemination delay493
TD in this general case. However, given its mean and vari-494
ance, we may approximate it as a random variable obeying the495
Gamma distribution, which is usually more accurate than its496
Gaussian counterpart, when non-negative random variables are497
concerned [32]. According to the theory of the Gamma distri-498
bution [33], it is uniquely and unambiguously described by its499
shape parameter m = {E[TD]}2/V ar [TD] and scale parame-500
ter  = V ar [TD]/E[TD]. Then, given a delay threshold Dth ,501
we may derive the approximate probability of the dissemination502
delay TD exceeding Dth as503
Pr(TD > Dth) ≈
	
(
m,
Dth

)
	(m)
=
	
( {E[TD]}2
V ar [TD]
,
Dth E[TD]
V ar [TD]
)
	
( {E[TD]}2
V ar [TD]
) .
(20)
The accuracy of (20) will be verified by the Monte-Carlo 504
simulation in Section V. 505
D. Individual User-Delay 506
A specific MU A in the target social group may receive the 507
packet at any state spanning from 1 to N during the process 508
of state transitions. When considering the transition from state 509
(k − 1) to k (1 ≤ k ≤ N ), any of the (N − k + 1) unserved 510
MUs may successfully receive the packet with a probability 511
of 1/(N − k + 1), and may not receive it with a probability of 512
(N − k)/(N − k + 1). Specifically, the probability ofA receiv- 513
ing the packet in state k, which naturally implies that A has 514
not received the packets at any of the previous states, may be 515
expressed as 516
pk = 1N − k + 1 ·
k−1∏
i=1
N − i
N − i + 1 =
1
N
, 1 ≤ k ≤ N . (21)
Hence, given that A receives the packet in state k, the 517
individual user-delay of A is expressed as TA|k = ∑k−1j=0 Tk 518
and the conditional pdf of TA|k is expressed as fTA|k(tA) = 519
fT0+···+Tk−1(tA). According to the Bayesian principle [31], the 520
pdf of the individual user-delay TA can be expressed as: 521
fTA(tA) =
N∑
k=1
fTA|k(tA) · pk =
N∑
k=1
fT0+···+Tk−1(tA)
N
. (22)
Furthermore, owing to the fact that {T0, T1, . . . , Tk−1} are inde- 522
pendent of each other, the average of TA can be obtained 523
as 524
E[TA]=
∫ ∞
0
tA
N∑
k=1
fT0+···+Tk−1(tA)
N
dtA=
N∑
k=1
1
N
·
k−1∑
i=0
E [Ti ]
=
N∑
k=1
N − k + 1
N
E
[
Tk−1
]
, (23)
where E
[
Tk−1
]
is given by (17). Furthermore, the second 525
moment of TA is given by 526
E[T 2A] =
∫ ∞
0
N∑
k=1
t2A fT0+···+Tk−1(tA)
N
dtA
=
N∑
k=1
E
[
(T0 + T1 + · · · + Tk−1)2
]
N
=
N∑
k=1
k−1∑
i, j=0
E[Ti Tj ]
N
=
N∑
k=1
N − k + 1
N
E[T 2k−1] +
N∑
k=1
ξ Tk [Hk − Ik] ξ k
N
, (24)
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where ξ k = (E[T0],E[T1], . . . ,E[Tk−1])T , Hk is a k × k527
matrix, whose elements are all ones, and Ik is a k × k identity528
matrix. Consequently, the variance of TA can be expressed as529
V ar(TA) = E[T 2A]−{E[TA]}2. Hence, by substituting E[TA]530
and V ar [TA] into (20), we may obtain the approximate proba-531
bility of TA exceeding threshold Dth .532
IV. DELAY METRICS FOR SPECIAL CASES533
A. Case 1: Conventional BS-Aided Multicast (q = 0)534
In this pessimistic case, all the MUs in the target social group535
are selfish during the packet dissemination process. Hence, the536
BS has to disseminate the packet to all the MUs in the target537
social group.538
1) Dissemination Delay: When FA is q = 0, according539
to Eqs.(13)∼(15) in Section III-B, the state transition delays540
{Tk, k = 0, 1, . . . , (N − 1)} are the independent exponentially541
distributed variables associated with the rates of {μ˜k = (N −542
k)μb, k = 0, 1, . . . , (N − 1)}. Since the dissemination delay543
is defined as TD = ∑N−1k=0 Tk , TD obeys the hypoexponen-544
tial distribution [34]. Furthermore, since the rates of {Tk, k =545
0, 1, . . . , (N − 1)} are different from each other, the pdf of TD546
can be expressed as547
fTD |q=0(tD) =
N−1∑
k=0
N−1∏
j=0, j =k
N − j
k − j (N − k)μbe
−(N−k)μbtD .
(25)
In order to derive the probability of TD exceeding a given548
threshold Dth , we integrate the above pdf fTD |q=0(tD) over the549
region [Dth,∞), which is expressed as550
Pr(TD > Dth |q = 0) =
∫ ∞
Dth
fTD |q=0(tD)dtD
=
N−1∑
k=0
N−1∏
j=0, j =k
N − j
k − j e
−(N−k)μb Dth .
(26)
2) Individual User-Delay: When the FA is q = 0, the indi-551
vidual user-delay is solely determined by the quality of the552
wireless link connecting the MU A to the BS. As a result,553
according to Lemma 2, the individual user-delay TA obeys an554
exponential distribution having a mean of 1/μb. Furthermore,555
the probability of TA exceeding a given threshold Dth is556
derived as Pr(TA > Dth |q = 0) = exp(−μb Dth).557
B. Case 2: Fully Altruistic Behaviours (q = 1)558
In this optimistic scenario, all the MUs in the target social559
group are completely altruistic. Since there are always some560
POs willing to forward the packet during the dissemination561
process, the BS is not invoked for multicasting the packet any562
more, once some of the MUs have initially received it from the563
BS.564
1) Dissemination Delay: When the FA is q = 1, by sub-565
stituting nk = k into Eqs.(10)∼(12) in Section III-B, we566
know that the state transition delays {Tk, k = 1, . . . , (N − 567
1)} are independent exponentially distributed variables associ- 568
ated with the rates of {μ˜k = k(N − k)μs, k = 1, 2, . . . , (N − 569
1)}. Furthermore, by substituting k = 0 into Eqs.(13)∼(15) in 570
Section III-B, the initial state transition delay T0 is also an expo- 571
nentially distributed variable associated with a rate of μ˜0 = 572
Nμb. Note furthermore that T0 is also independent of {Tk, k = 573
1, . . . , (N − 1)}. Since the dissemination delay is defined as 574
TD = ∑N−1k=0 Tk , TD obeys the hypoexponential distribution. 575
However, the rates of {μ˜k = k(N − k)μs, k = 576
1, 2, . . . , (N − 1)} associated with {Tk, k = 1, . . . , (N − 1)} 577
exhibit a symmetric structure. For example, the rates of Tk 578
and TN−k share the same value of k(N − k)μs . Hence, the 579
closed-form equation for the tdf of TD may only be expressed 580
in the form of a continuous phase-type distribution [35]. As a 581
result, when q = 1, the transition rate matrix of the PBMC is 582
expressed as 583
P=
⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝
−μ˜0 μ˜0 0 · · · 0 0
0 −μ˜1 μ˜1 . . . 0 0
...
. . . −μ˜k μ˜k . . .
...
0 0
. . . −μ˜N−2 μ˜N−2 0
0 0 · · · 0 −μ˜N−1 μ˜N−1
0 0 · · · 0 0 0
⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠
=
(Q Q0
0 0
)
,
(27)
where Q is a (N × N )-element matrix containing all the tran- 584
sition rates between transient states, Q0 is a (N × 1) column 585
vector containing all the transition rates from transient states to 586
the absorbing state N , whose last entry is μ˜N−1 and finally, 587
the remaining entries are all zeros. As shown in Fig.3, the 588
packet dissemination process starts from the initial state 0. 589
Thus, the probability of TD exceeding a given threshold Dth 590
is expressed as 591
Pr(TD ≥ Dth |q = 1) = τ T1 × exp(DthQ) × 1N . (28)
Note that in (28), the (N × 1) column vector τ k+1 (0 ≤ k ≤ 592
N − 1), whose (k + 1)th entry is one but all the others are 593
zeros, indicates that the PBMC starts at state k, while the 594
(N × 1) column vector 1k+1, whose first (k + 1) entries are 595
ones and the remaining entries are zeros, indicates that the 596
PBMC process is absorbed at state (k + 1). The proof of (28) 597
can be found in [36]. 598
2) Individual User-Delay: Given an event that the MU A 599
successfully receives the packet at state (k + 1) (0 ≤ k ≤ N − 600
1), the PBMC used for modelling the packet dissemination in 601
Fig.3 is considered to be terminated at state (k + 1). According 602
to the physical meaning of both τ k+1 and 1k+1, similar to (28), 603
the probability of TA exceeding the threshold Dth , given thatA 604
receives the desired packet at state (k + 1) for (0 ≤ k ≤ N − 605
1), is expressed as 606
Pr(TA ≥ Dth |q = 1, k + 1) = τ T1 × exp(DthQ) × 1k+1.
(29)
Since we have already derived the probability of pk+1 = 1/N 607
that A receives the packet at state (k + 1) in (21), according to 608
the Bayesian principle [31], the probability of TA exceeding the 609
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threshold Dth is derived as610
Pr(TA ≥ Dth |q = 1) =
N−1∑
k=0
Pr(TA ≥ Dth |q = 1, k + 1) · pk+1
=
N−1∑
k=0
τ T1 ×exp(DthQ)×1k+1
N
= τ
T
1 ×exp(DthQ)
N
×
N−1∑
k=0
1k+1
= τ
T
1 × exp(DthQ) × η
N
, (30)
where η = (N , N − 1, . . . , 1)T is a (N × 1) column vector.611
C. Case 3: Moderately Altruistic Behaviours (q = 0.5)612
Unfortunately, we are unable to derive the exact tdf for the613
scenario, when the FA is set to q = 0.5. However, we are still614
able to offer some interesting insights concerning the delay met-615
rics of this specific case. Substituting q = 0.5 into the second616
term of (17), the average duration of the social group multicast617
process during the transition from state k to (k + 1) for k ≥ 1618
can be given by619
E[Tk,s |q = 0.5] = 12k · μs,k
k∑
nk=1
(
k
nk
)
1
nk
. (31)
According to Eq.(68.1) of [33], we arrive at the following lower620
bound for E[Tk,s |q = 0.5], which is expressed as:621
E[Tk,s |q = 0.5] > 12k · μs,k
⎡⎣ k∑
nk=0
(
k
nk
)
1
nk + 1 − 1
⎤⎦
= 1
2k · μs,k
2k+1 − k + 2
k + 1 . (32)
Similarly, substituting q = 1.0 into the second term of (17),622
the corresponding formula of E[Tk,s |q = 1.0] for this fully623
altruistic behaviour may be expressed as E[Tk,s |q = 1.0] =624
1/(kμs,k). As a result, the ratio Rk,s of these two expressions625
can be formulated as626
Rk,s = E[Tk,s |q = 0.5]
E[Tk,s |q = 1.0] >
(2k+1 − k + 2)k
2k(k + 1) . (33)
In the ideal scenario, when k tends to infinity, this ratio can be627
expressed as limk→∞ Rk,s > 2. Since the lower bound derived628
in (32) is very tight8, we can summarise that by assuming mod-629
erately altruistic behaviours, the average duration of the social630
group multicasting during the transition from state k to (k + 1)631
is twice that of the fully altruistic scenario, provided that k is632
sufficiently high.633
Let us now demonstrate the tightness of the lower bound (32)634
in terms of the average dissemination delay. Substituting (32)635
into (19), the lower bound of the average dissemination delay636
8The tightness of this lower bound will be demonstrated in the following
paragraph in terms of the average dissemination delay.
Fig. 5. Geographic features for obtaining numerical results.
E[TD|q = 0.5] can be formulated as 637
E[TD|q = 0.5] =
N−1∑
k=0
1
2kμb,k
+
N−1∑
k=1
1
2kμs,k
k∑
nk=1
(
k
nk
)
1
nk
>
N−1∑
k=0
1
2kμb,k
+
N−1∑
k=1
1
2k · μs,k
2k+1 − k + 2
k + 1 .
(34)
When we compute the exact result of E[TD|q = 0.5], which is 638
represented by the first line of (34), and its lower bound, which 639
is quantified by the second line of (34), then for a large social 640
group size N , such as N = 50∼200, using a set of other related 641
parameters in line with those of Fig. 6, the root-mean-square- 642
deviation (RMSD) of these two sets of results can be shown 643
to be 0.094 TS. Hence, we can claim that for a large social 644
group size, which represents our densely populated scenario, 645
the lower bound expressed in (34) can be regarded as an approx- 646
imate result of E[TD|q = 0.5]. Furthermore, the tightness of the 647
lower bound derived in (33) can also be readily demonstrated. 648
Similarly, with the aid of (32), we can also obtain the lower 649
bound for the average individual user-delay E(TA|q = 0.5). 650
V. NUMERICAL RESULTS 651
The parameters of the PHY layer are presented in TABLE II. 652
The specific parameters used for transmissions from the BS 653
to the MUs are in line with FDD-LTE standard9, while the 654
transmission parameters between the MUs are in line with the 655
commonly used 802.11 protocol [18]. 656
As shown in Fig. 5, we assume that all MUs in the target 657
social group roam in a circular area having a radius of r = 40 658
m by obeying the uniform mobility model. The BS is d = 200 659
m away from the centre of the circular area. In this scenario, 660
the pdf fYs (ys) of the distance between a pair of MUs is given 661
by Eq. (23) of [38], and fYb (yb) between the BS and a MU can 662
be found in our technical report [39]. Substituting fYs (ys) and 663
fYb (yb) into (6), alongside the parameters offered in TABLE II, 664
we may obtain the average SPRP μs and μb, which further lead 665
us to the analytical (ana) results for the various metrics. If we 666
let q = 0 in our model, the corresponding analytical results are 667
derived for conventional BS-aided multicast. 668
In order to obtain a reliable statistical characterization of the 669
simulation performance (sim), we repeatedly run Monte-Carlo 670
9We assume a 1.8 GHz carrier frequency in line with the LTE networks
operated by the British company EE [37].
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Fig. 6. Average dissemination delay affected by the number of MUs in the
target social group, which is parameterized by the FA. The analytical results
were evaluated from Eq. (19).
Fig. 7. Average individual user-delay as a function of the number of MUs in
the target social group, which is parameterized by the FA. The analytical results
were evaluated from (23).
simulations 10 000 times and set the time-interval of our system671
to be t = 0.001 TS, where a TS can be considered as a packet672
duration. All the delay related metrics are evaluated by the num-673
ber of TSs. In the numerical results of Figs. 6–8, we study the674
impact of the social group size N on the delay metrics of the675
packet dissemination process without considering any specific676
content popularity.677
A. Delay Metrics for Uniform Mobility Model678
As shown in Fig. 6, when FA = 0, the average dissemina-679
tion delay firstly increases, as the number of MUs is increased.680
When only a few MUs are in the target social group, a longer681
period is required for disseminating the packet to all of the682
group members due to the increasing content demand of the683
unserved MUs. However, by further increasing the number of684
Fig. 8. The tail distribution of the delay versus (a) the transmit power and
(b) the SNR threshold for successful reception, which is parameterized by the
number of MUs in the target social group. The analytical results were either
directly or indirectly derived from Eq.(20).
MUs, the diversity gain incurred by the cooperation of the 685
multiple multicasters becomes sufficiently high to mitigate the 686
adverse effect of the increasing content demand. As a result, we 687
observe that the average dissemination delay decays after reach- 688
ing its peak, as the number of MUs is further increased. For 689
example, for FA = 0.2, the delay is reduced by 53.5%, as the 690
number of MUs is increased from N = 20 to 60. Furthermore, 691
a higher FA incurs a lower delay, since more POs are willing to 692
forward the packet after they successfully receive it. For exam- 693
ple, for N = 20, the average dissemination delay is reduced 694
by 75.4%, as the FA is increased from 0.2 to 1. By contrast, 695
when FA = 0, the conventional BS-aided multicast technique 696
is invoked. However, as the number of the MUs increases, the 697
average dissemination delay also increases. We observe from 698
Fig. 6 that our approach is capable of reducing the average 699
dissemination delay of the conventional BS-aided multicast by 700
56.5% for N = 80, when a small FA value of 0.2 is assumed. 701
As shown in Fig. 7, when only a few MUs are in the tar- 702
get social group and the FA is non-zero, due to the users’ 703
selfishness, fewer than two POs are willing to forward the 704
packet during the dissemination process. Therefore, we observe 705
from Fig. 7 that the average individual user-delay initially 706
increases, because it does not benefit from any diversity gain. 707
However, as we further increase the number of MUs, an increas- 708
ing number of POs become willing to forward the packet, 709
which substantially reduces the average individual user-delay, 710
as observed from Fig. 7. For example, for FA = 0.2, the aver- 711
age individual user-delay is reduced by 44.1%, as the number of 712
MUs is increased from N = 20 to 60. Nevertheless, when the 713
conventional BS-aided multicast is invoked, the average indi- 714
vidual user-delay, which only relies on the link connecting this 715
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Fig. 9. Average dissemination delay as a function of the rank of the popu-
lar content. The transmit power of the BS is Ptxb = 31 dBm and the transmit
power of a MU is Ptxt = 0 dBm.N = 100 MUs independently requestM = 10
ranked-popularity pieces of contents according to the request probabilities
listed in TABLE I when α = 0.56. The analytical results were evaluated from
Eq.(3).
specific MU to the BS, remains near-constant at 2.95 TS, as the716
number of MUs increases. Furthermore, the average individual717
user-delay is improved, when we increase the value of the FA.718
For example, given N = 20 MUs in the target social group, the719
average individual user-delay is reduced by 60.6%, as the FA is720
increased from 0.2 to 1.0. Additionally, given N = 80 MUs in721
the target social group, the average individual user-delay drops722
from 2.95 TS to 1.3 TS, comparing the conventional BS-aided723
multicast to our approach associated with FA = 0.5.724
Observe in Fig. 8(a) that the probability of the dissemina-725
tion delay exceeding a threshold of Dth = 6 TS reduces upon726
increasing the transmit power of each MU. By contrast, as727
portrayed in Fig. 8(b), the probability of the individual user-728
delay exceeding the same threshold increases upon increasing729
the SNR threshold to be exceeded for ensuring successful730
packet reception. Our Gamma-distribution-based approxima-731
tions match the simulation results.732
Then, we study the average dissemination delay as a func-733
tion of the specific popularity of the pieces of contents in734
Fig. 9. Observe from Fig. 9 that as a piece of contents becomes735
less popular, the average dissemination delay of our scheme736
increases, when we have a moderate degree of altruism asso-737
ciated with FA = 0.5. When a piece of content is less popular,738
fewer MUs may request this content, hence the resultant smaller739
social group fails to provide sufficient cooperative multicast740
opportunities for rapidly disseminating the packet across the741
social group. By contrast, since a less popular piece of contents742
results in a lower content demand, the average dissemination743
delay of the BS-aided multicast reduces, as the content becomes744
less popular. Furthermore, as shown in Fig. 9, our scheme asso-745
ciated with FA = 0.5 outperforms the conventional BS-aided746
multicast in terms of its delay of disseminating the most popular747
content. Nevertheless, the BS-adied multicast is more suitable748
for disseminating the less popular pieces of contents.749
B. Investigations Using Real Mobility Traces750
Let us now study the content dissemination performance751
in a densely-populated subway station scenario [40]. The752
mobility traces for this scenario can be downloaded from the753
CRAWDAD database10. The active area in this scenario is754
10http://crawdad.cs.dartmouth.edu/kth/walkers/
Fig. 10. A densely popluated subway station.
Fig. 11. Average individual user-delay in a subway station when all the MUs
in the subway station form a grand social group for downloading a content of
common interest.
1921 m2. After analysing the mobility traces, the centre O of 755
the active area is found to be at the coordinates of (44, 30.55) 756
m, as shown in Fig. 10. In our simulations, we placed the BS at 757
the point (−156, 30.55) m, which is 200 m away from the cen- 758
tre of the subway station. Since the MUs arrive/depart either 759
through the entrances or during the arrival/departure of trains, 760
the number of MUs is dynamic during the simulation time. As 761
a result, we cannot readily obtain the dissemination delay in 762
this scenario. However, we are still able to evaluate the indi- 763
vidual user-delay, when our content dissemination scheme and 764
conventional BS-aided multicast scheme are invoked. Again, 765
the physical layer parameters are summarised in TABLE II. 766
Since the positions of the MUs are captured every 0.6 s in this 767
mobility trace, in our simulations we set the basic time inter- 768
val of t = 0.6 s as a single TS, which can be considered as a 769
packet’s duration. Then the delay was evaluated in terms of the 770
number of TSs. 771
We first assume that all the MUs in the subway station form 772
a large social group in order to download the train schedule of 773
common interest. Observe from Fig. 11 that for the cases of 774
Ptxs = 0 dBm and Ptxs = 5 dBm, the average individual user- 775
delay is reduced, as we increase the FA from 0.0 to 1.0. For 776
Ptxs = −5 dBm, when FA is increased from 0.0 to 0.1, we 777
observe an increasing average individual user-delay. This is 778
because the SPRP between the MUs is low and also, because 779
fewer POs are willing to forward the packet. As FA becomes 780
higher, more POs may join to assist the packet dissemina- 781
tion process, which significantly reduces the average individual 782
user-delay. Specifically, when FA = 0, conventional BS-aided 783
multicast is invoked for disseminating the packets. For Ptxs = 0 784
or 5 dBm, if the MUs become only modestly altruistic, say we 785
have FA = 0.1, our content dissemination scheme outperforms 786
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Fig. 12. Average individual user-delay in a subway station when the MUs in
the subway station independently request M = 10 ranked-popularity pieces of
contents according to the probabilities listed in TABLE I when α = 1.
Fig. 13. The structure of a TS.
the conventional BS-aided multicast. For Ptxs = −5 dBm, our787
scheme starts to outperform the classic BS-aided multicast,788
provided that FA is higher than 0.4.789
We then study the impact of the specific content popular-790
ity on the average individual user-delay in a subway station.791
Observe from Fig. 12 that when disseminating the most popular792
content in the subway station, our dissemination scheme asso-793
ciated with FA = 0.5 outperforms the conventional BS-aided794
multicast. However, the BS-aided multicast is more suitable for795
disseminating less popular content in this scenario. The reason796
behind this trend is the same as that associated with Fig. 9.797
VI. CONCLUSIONS798
In this paper, we proposed a social group multicast aided799
content dissemination scheme as a supplement to the conven-800
tional cellular system. The content popularity is modelled by801
a Zipf distribution and the concept of FA was introduced for802
the sake of quantifying the probability of a PO forwarding a803
packet of the content of common interest. In our scheme, the804
BSs are invoked for multicasting the packet at the initial stage,805
as well as when no POs are willing to share the packet with oth-806
ers. By modelling the packet dissemination process as a PBMC,807
closed-form expressions were derived for the statistical prop-808
erties of the various delay metrics. We demonstrated that our809
approach outperforms the conventional BS-adied multicast in810
terms of both the dissemination delay and the individual-user811
delay, especially when the density of MUs in a target group is812
high. Furthermore, we found that our approach is more suit-813
able for disseminating a more popular content. By contrast, the814
conventional BS-aided multicast performs better for dissemi-815
nating a less popular content.816
APPENDIX A 817
THE PROOF OF LEMMA 1 818
As shown in Fig. 13, a TS is divided into M sub-TSs, each 819
of which has a duration of t = 1/M TS. We assume that the 820
SPRP in a sub-TS is νi . As a result, given the SPRP μi in a 821
TS, we may derive the relation between μi and νi , which is 822
expressed as 823
μi =
M∑
j=1
(1 − νi ) j−1νi = 1 − (1 − νi )M . (35)
Rewriting the above expression, we obtain 824
νi = 1 − (1 − μi )1/M = 1 − (1 − μi )t , (36)
where the second equality is derived according to t = 1/M 825
TS. If we expand (1 − μi )t according to the Taylor series, we 826
have 827
(1 − μi )t =
∞∑
n=0
(
t
n
)
(−μi )n = 1 − μit + O(μ2i ), (37)
where O(μ2i ) is the infinitesimal by small quantity on the same 828
order as μ2i . Substituting the above equation into (36), we have 829
νi = μit + O(μ2i ) ≈ μit. (38)
According to our experiments, if we vary μi from 0 to 0.8, 830
the root-mean-square-deviation (RMSD) between the exact νi 831
given by (36) and the approximated νi given by (38) is 9.45 × 832
10−4. As a result, it is reasonable to claim that νi ≈ μit . 833
APPENDIX B 834
THE PROOF OF LEMMA 2 835
During a time interval t , the PBMC may transit from state 836
k to (k + 1) with a probability of μ˜kt . Naturally, the success- 837
ful state transition first occurring during the (Mk = mk)-th t 838
interval obeys a geometric distribution. According to the PMF 839
of a geometric distribution having a parameter of μ˜kt , we 840
arrive at: 841
Pr (Mkt ≤ mkt) =
mk∑
m=1
(1 − μ˜kt)m−1μ˜kt,
(39)
Pr (Mkt ≤ (mk + 1)t) =
mk+1∑
m=1
(1 − μ˜kt)m−1μ˜kt.
(40)
The continuous-valued delay of the adjacent-state transition is 842
denoted as Tk = Mkt , which is associated with a specific 843
value of tk = mkt . Hence, we may derive the pdf of Tk as: 844
fTk (tk) = lim
t→0
Pr(Tk ≤ tk + t) − Pr(Tk ≤ tk)
t
= lim
t→0
Pr(Mkt ≤ (mk + 1)t) − Pr(Mkt ≤ mkt)
t
= lim
t→0
(1 − μ˜kt)mk μ˜kt
t
= lim
t→0 μ˜ke
−mk μ˜kt
= μ˜k · e−μ˜k tk , (41)
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where the last two lines are derived based on limt→0 μ˜kt =845
1 − e−μ˜kt and mk = tk/t , respectively.846
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Abstract—Based on the common interest of mobile users4
(MUs) in a social group, the dissemination of content across the5
social group is studied as a powerful supplement to conventional6
cellular communication with the goal of improving the delay7
performance of the content dissemination process. The content8
popularity is modeled by a Zipf distribution to characterize the9
MUs’ different interests in different contents. The factor of altru-10
ism (FA) terminology is introduced for quantifying the willingness11
of content owners to share their content. We model the dissemi-12
nation process of a specific packet by a pure-birth-based Markov13
chain and evaluate the statistical properties of both the net-14
work’s dissemination delay as well as of the individual user-delay.15
Compared to the conventional base station (BS)-aided multicast,16
our scheme is capable of reducing the average dissemination delay17
by about 56.5%. Moreover, in contrast to the BS-aided multi-18
cast, increasing the number of MUs in the target social group is19
capable of reducing the average individual user-delay by 44.1%20
relying on our scheme. Furthermore, our scheme is more suitable21
for disseminating a popular piece of content.22
Index Terms—Content dissemination, content popularity, factor23
of altruism, pure-birth based Markov chain, delay analysis.24
I. INTRODUCTION25
A. Background and Related Works26
A S a combination of social science and mobile networks,27 mobile social networks (MSNs) [1] are attracting an28
increasing attention across the research community. In the con-29
text of MSNs, mobile users (MUs) may form a social group30
in order to cooperatively disseminate the content of common31
interest. There are substantial contributions to the performance32
analysis of epidemic forwarding [2] in mobile ad hoc networks33
(MANETs). In the context of MANETs, a two-dimensional34
continuous time Markov chain (CTMC) was proposed in [3] for35
evaluating the performance of a heterogeneous MANETs. To a36
further advance, the authors of [4] derived a tight upper bound37
of the flooding time, which is defined as the number of time-38
steps required for broadcasting a message from a source node to39
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all nodes. Furthermore, in [5] the end-to-end message delivery 40
delay using an epidemic forwarding protocol was investigated 41
theoretically in a composite twin-layer network, which includes 42
a physical MANET and a virtual social network. 43
However, epidemic forwarding [6] is often criticised as being 44
an end-to-end routing protocol, because it consumes substantial 45
resources of the intermediate nodes, which might not be inter- 46
ested in the information to be relayed. However, if MUs can 47
form a social group and request the content of common inter- 48
est together, epidemic forwarding becomes an efficient way 49
of cooperatively disseminating the content in the target social 50
group1. Content dissemination in purely distributed oppor- 51
tunistic networks was investigated in [7] and [8]. Epidemic 52
forwarding aided content dissemination was invoked in [7], 53
where the users share any content updates with others that they 54
meet in order to improve the coverage quality and to increase 55
the capacity. A socially-aware content placement algorithm was 56
proposed in [8] for enhancing the opportunity of MUs to gain 57
access to their contents of interest. 58
Some researches focused on a hybrid content dissemina- 59
tion approach. In [9] and [10], the authors investigated how 60
the content providers and network operators can interact for 61
the sake of efficiently distributing the contents with the aid of 62
a coalition game. At the time of writing, epidemic forward- 63
ing aided content dissemination is widely studied for the sake 64
of offloading tele-traffic from cellular networks. In [11], the 65
authors proposed a framework for initial content-receiver selec- 66
tion in order to disseminate the content of common interest to as 67
many subscribers as possible before interest in the content sub- 68
sides. In [12], where MUs were categorised into “helpers” and 69
“subscribers”, several algorithms were designed for solving the 70
optimisation problem of offloading multiple types of contents 71
from the cellular networks. 72
The above-mentioned contributions [2]–[12] focused their 73
attention on user-encounter-based MANETs or ‘large-scale 74
MSNs’, where the mobile nodes are sparsely distributed across 75
a large area. Typically a rudimentary physical layer model is 76
assumed, namely that if a pair of nodes enter each other’s 77
transmission range, the packet can be successfully delivered 78
from the source to the target. Hence, the delivery delay is 79
dominated by the inter-contact duration2 of mobile nodes 80
[15], rather than by the wireless signal propagation. Due to 81
1Other MUs that do not belong to the target social group are not relied upon
for assisting the content dissemination process.
2In these treatises, the inter-contact duration of MUs is commonly assumed
to obey an exponential distribution, which is demonstrated in [13] with the
aid of artificial or synthetic mobility models and in [14] by realistic measured
mobility traces.
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the underlying long inter-contact duration of the MUs, this82
user-encounter-based content dissemination is only capable of83
delivering delay-tolerant services in a large-scale area. As a84
result, the contributions of [2]–[12] belong to the category of85
delay-tolerant networks (DTNs). However, typically idealised86
simplifying assumptions are used in the literature of the DTN87
paradigm:88
• The commonly assumed simplified physical layer model89
ignores the impact of transmit power, of the path-loss and90
of the multipath fading, etc.91
• The cooperative user-encounter based content dissemina-92
tion in DTNs is not suitable for delivering delay-sensitive93
services.94
B. Motivations and Contributions95
The conventional method of disseminating the delay-96
sensitive content of common interest relies on BS-aided mul-97
ticast, where the BS is the sole transmitter. Since the BS-aided98
multicast has to guarantee the quality of service (QoS) at every99
content requester, the capacity of multicast channels is predeter-100
mined by the worst channel amongst those connecting the BS101
to the content requesters. In this case, due to the time-variant102
nature of wireless channels, when the BS multicasts a packet,103
some MUs may receive it earlier than their less fortunate coun-104
terparts. Then, the successful receivers have to remain silent,105
because the BS would not multicast the second packet, before106
all the MUs successfully receive the current one.107
In high-user-density scenarios, the MUs often share com-108
mon interest in delay-sensitive content. For instance, the crowd109
participating in the inauguration of the new Pope share com-110
mon interest in close-up video-clips of the Pope on the podium.111
Similarly, supporters in a football stadium share common inter-112
est in video-clips of a spectacular goal from different angles113
or in the score updates from another stadium, as exemplified by114
Fig. 1. However, the conventional BS-aided multicast is an inef-115
ficient technique of disseminating the delay-sensitive content of116
common interest in these typical densely populated scenarios.117
The reason for this is two-fold:118
• As the content requesters’ density increases, the worst119
channel amongst those connecting the BS and the con-120
tent requesters becomes even worse, which results in121
excessive dissemination delay [16].122
• Since the dissemination delay is increased, the BS is123
engaged in multicasting for a longer period, which further124
delays all other services.125
If local MUs form a social group for requesting the content of126
common interest from the BS together, local communications127
amongst MUs can be exploited for cooperatively multicasting128
the packets from the packet owners to the hitherto unserved129
MUs in the target social group3. The potential performance gain130
of this social group multicast aided content dissemination over131
the conventional BS-aided multicast arises from the following132
two benefits:133
3A similar methodology of improving BS-aided multicast was also advo-
cated in [17], which was mainly focused on the selection of the initial receivers.
However, the authors of [17] have not analysed the content dissemination stage.
Fig. 1. Social group multicast aided content dissemination in cellular systems.
• Relying on the cooperative multicast of the multiple 134
packet owners results in rich cooperative diversity gains, 135
which in turn improves the packet delivery performance. 136
• Activating direct transmissions amongst the MUs is capa- 137
ble of reducing the distance between a transmitter and 138
receiver pair, which in turn reduces the path-loss-induced 139
channel attenuation between them. 140
Furthermore, since we offload the content dissemination task 141
from the BS-aided multicast to the local communications 142
amongst the social group members, the BS becomes capable of 143
satisfying other communication demands, which consequently 144
improves the efficiency of the BS’s exploitation. 145
The size of the area covered by a social group should be care- 146
fully designed for different scenarios. If the area is as large as 147
a macro-cell, cooperative user-encounter based communication 148
amongst MUs is only suitable for disseminating delay-tolerant 149
information, as we argued at the end of Section I-A. The best 150
option for disseminating delay-sensitive information across a 151
large area is that of classic BS-aided multicast. By contrast, 152
if the area is relatively small, such as a circular area with a 153
radius shorter than a hundred meters, which is comparable to 154
the default transmission range of a MU4, communication effi- 155
ciency between a transmitter and receiver pair is dominated 156
by the wireless signal propagation properties, rather than by 157
their inter-contact duration. Hence, social group aided coop- 158
erative multicast is capable of significantly reducing the delay 159
of the conventional BS-aided multicast, as we emphasized at 160
the beginning of Section I-B. This scenario is termed as a 161
“small-scale MSN” [15], where the channel attenuation factors 162
dominate the associated delay characteristics [19]. Against this 163
background, our novel contributions are as follows: 164
• A hybrid content dissemination approach is proposed, 165
which relies both on BS-aided multicast [20] and on 166
social group multicast aided content dissemination. This 167
process is modelled by a pure-birth based Markov chain 168
(PBMC). Various factors that might affect the perfor- 169
mance of the content dissemination are accounted for, 170
including the path-loss-induced channel attenuation, the 171
multipath fading and the users’ altruistic versus self- 172
ish behaviours, which distinguishes our work from the 173
existing literature of DTNs. 174
4New Wi-Fi protocols, such as 802.11n/ac [18], are capable of supporting a
transmission range of hundreds of meters.
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• We model the popularity of different pieces of contents by175
a Zipf distribution, which affects the specific formation176
of a social group and hence influences the dissemina-177
tion process of the content of common interest across the178
target social group.179
• Considering a specific packet of the content of common180
interest, we analyse the statistical properties of the dis-181
semination delay, which is the time from the BS’s instant182
of multicasting a packet until all the MUs in the target183
social group receive this packet. We also analyse the indi-184
vidual user-delay, which is the time spanning from the185
BS multicasting a packet until a specific MU receives this186
packet.187
• The advantages of our social group multicast aided con-188
tent dissemination scheme over the conventional BS-189
aided multicast are demonstrated by the mobility traces190
extracted from a realistic subway station scenario.191
Note that improving the network infrastructure in high-user-192
density areas can certainly enhance the general communication193
experience of MUs, when supporting phone calls, texts, emails194
and basic data services. However, it may constitute an inef-195
ficient technique of disseminating the content of common196
interest. It may also be an unwise investment for the net-197
work operators, since people often temporarily get together198
for attending social events. Hence, improving the infrastruc-199
ture capacity may be wasteful. By contrast, our social group200
multicast scheme constitutes a more economical and flexi-201
ble solution for disseminating the content of common interest202
amongst the social group members, which is based on direct203
communications between the social group members. We will204
demonstrate that our social group multicast aided scheme out-205
performs the BS-aided multicast in terms of disseminating the206
popular content of common interest in high-user-density areas.207
The rest of the paper is organized as follows. In Section II,208
our system model is introduced. In Section III, we analyse209
the delay metrics. Furthermore, the exact closed-form formulas210
are derived for two special cases in Section IV. Our numeri-211
cal results are provided in Section V. Finally, we conclude in212
Section VI.213
II. SYSTEM OVERVIEW214
Similar to the BS-controlled device-to-device communica-215
tion services of the LTE network [21], our system operates216
by obeying a centralised-control regime combined with a217
decentralised-transmission paradigm5, where the BS acts as218
a centralised controller in order to support the functions of219
synchronisation6, of social group formation as well as of coor-220
dination and resource allocation for multiple content owners221
etc. By contrast, the information transmission is carried out by222
direct communications between a transmitter and receiver pair.223
5This paradigm has been considered as a part of the forthcoming ‘5G’
regime, known as the ‘LTE-Assisted Wi-Fi Direct’ technique [22], where the
control signalling exchange is carried out by the LTE-based BS, while the
information transmission is realised by the Wi-Fi-based direct communication
between a transmitter and receiver pair.
6Since the MUs in the cellular system rely on regular control signalling
exchange with associated BSs, they can readily synchronise with associated
BSs and hence also with each other.
TABLE I
THE REQUEST PROBABILITIES OF M = 10 RANKED POPULAR CONTENTS
FOR BOTH α = 0.56 [24] AND α = 1.0 [23]
A. Content Popularity and Social Group Formation 224
The interest of a MU in a specific piece of content Ci may 225
be modelled by the probability Pr(Ci ) of this MU requesting Ci 226
from the BS. Having a higher request probability Pr(Ci ) indi- 227
cates that the MU is more interested in the content Ci . The 228
statistical analysis of the realistic video viewing behaviours 229
exhibited by YouTube users revealed that a small fraction of 230
popular contents attract the interest of a large fraction of users 231
[23], [24]. Furthermore, the request probabilities of a set of 232
ranked contents, say {Ci |i = 1, . . . ,M}, may be modelled by 233
a Zipf distribution [25], [26]. HereM is the number of contents 234
studied and the subscript i represents the particular position 235
of Ci in the popularity list. A smaller integer subscript i indi- 236
cates that the content is more popular and hence it is likely to 237
be requested more frequently. Therefore, the probability of the 238
piece of content Ci being requested is expressed as 239
Pr(Ci ) =
1
iα∑M
j=1 1jα
, (1)
where α is a predefined exponent. Having a higher value of 240
α results in more intense interests in the top-ranked pieces of 241
contents, as shown in TABLE I. 242
Assuming that we haveNMUs within the area studied, these 243
MUs independently request one piece of contents from the set 244
{Ci |i = 1, . . . ,M} with the corresponding probability defined 245
in (1). The MUs requesting the same content Ci form a social 246
group Gi in order to cooperatively disseminate the content of 247
common interest across the social group. Hence, the size of 248
the social group Gi requesting the same content Ci obeys a 249
Binomial distribution, which is denoted as |Gi | ∼ B[N, Pr(Ci )]. 250
In order to exclude the case of |G| = 0, we adjust the probability 251
mass function (pmf)7 of |Gi |, which is expressed as 252
Pr(|Gi | = N ) =
(N
N
) [
Pr(Ci )
]N [1 − Pr(Ci )]N−N
1 − [1 − Pr(Ci )]N . (2)
where N is the specific size of the social group Gi . As a result, 253
the average P(Ci ) of a specific delay metric associated with dis- 254
seminating the content Ci across the social group Gi , whose size 255
is an adjusted-Binomially distributed random variable, can be 256
expressed as 257
P(Ci ) =
N∑
N=1
P(|Gi | = N ) · Pr(|Gi | = N ), (3)
7If no MUs requests the content, we do not have to study the content
dissemination performance.
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where P(|Gi | = N ) is a delay metric, which is a function of the258
deterministic social group size |Gi | = N . Given the social group259
size N , in Section III, we will derive various delay metrics that260
can replaceP(|Gi | = N ) in (3) in order to evaluate the impact of261
content popularity on the content dissemination performance.262
To sum up, we assume that N MUs form a social group in263
order to request the content of common interest from a BS, as264
shown in Fig. 1. The formation of a social group depends on the265
following conditions:266
• MUs share the same interest in a given piece of content;267
• The content of common interest is of delay-sensitive268
nature;269
• MUs roam in a bounded area having a relatively small270
size and they are geographically close to each other.271
B. Network Layer272
In order to disseminate the content of common interest across273
a social group, the BS creates a specific queue for buffer-274
ing all the packets of the requested content and prepares for275
disseminating these packets one by one, as described below.276
Firstly, the BSs are employed for repeatedly multicasting the277
packet currently at the head of the buffer, until at least one278
of the MUs in the target social group successfully receives279
it. Then, this packet is cooperatively disseminated across the280
social group using multicast techniques.281
During the dissemination process, after successfully receiv-282
ing the packet, the packet owners (POs) may make their283
decisions independently as to whether they would or would284
not forward the packet during the following stage of the dis-285
semination, as shown in Fig. 2. Once some POs decided to286
further forward the packet, they would repeatedly multicast it287
until at least one unserved MU in the target social group suc-288
cessfully receives it. Afterwards, the new POs join the original289
PO set. Both the new POs and the original POs make new290
packet forwarding decisions again for the subsequent stage of291
dissemination. The probability of a PO willing to forward the292
packet is denoted as q (0 ≤ q ≤ 1), which is termed as the293
Factor of Altruism (FA). At a given instant, there might not294
be any POs willing to further forward the packet. As a result,295
the unserved MUs in the target social group have to receive the296
packet directly from the BS. Similarly, the BS repeatedly mul-297
ticasts the packet until at least one unserved MU in the target298
social group receives it.299
During the content dissemination process, similar to the con-300
ventional BS-aided multicast, the BS keeps a specific packet301
at the head of the buffer, until all the MUs in the target social302
group successfully receive it. Then the packet is dropped from303
the buffer and the BS is ready to disseminate the subsequent304
one.305
C. Physical (PHY) Layer306
In the PHY layer, the radio propagation between any pair of307
transmitter and receiver is assumed to experience uncorrelated308
stationary Rayleigh flat-fading. Hence, the square of the fading309
amplitudes |hl(t)|2 during the t th time slot (TS) obeys an expo-310
nential distribution having a unity mean, whose tail distribution311
Fig. 2. Actions of POs during the spontaneous content dissemination.
function (tdf) is Pr[|hl(t)|2 > x] = e−x . Given an arbitrary 312
distance yl in meters, the path loss (PL) l is expressed as [27]: 313
l(yl) =
⎧⎪⎪⎨⎪⎪⎩
1, yl < d0,(
4π fc
c
)κ
yκl , yl ≥ d0,
(4)
where c is the speed of light and fc is the carrier frequency, 314
whereas κ is the PL exponent and d0 is the distance from the 315
transmitter to the ‘near-field’ edge. 316
The random distance Yl is determined by the mobility pattern 317
of the MUs in the target social group. The following mobility 318
model is invoked for our performance analysis: 319
Definition 1 (Uniform mobility model): The position of the 320
i th MU during the t th time interval is denoted by Pi (t), which 321
obeys a stationary and ergodic process having a uniform dis- 322
tribution in the area considered. Moreover, the positions of 323
different MUs are independently and identically distributed 324
(i.i.d.). 325
This mobility model has been widely adopted for the per- 326
formance analysis of MANETs [28], [29]. Let the probability 327
density function (pdf) of the random distance Yl between any 328
two MUs be denoted by fYl (yl). Our forthcoming performance 329
analysis is applicable not only to the uniform mobility model, 330
but to any arbitrary mobility model. 331
Note that, the index l in the formulas is a generic subscript, 332
which represents ‘b’ when the BS is the transmitter, while it 333
represents ‘s’ when a MU is the transmitter. In the rest of the 334
paper, ‘l’, ‘b’ and ‘s’ hold the same meaning. 335
D. Medium-Access-Control (MAC) Layer 336
During a TS, a packet of the content is assumed to be suc- 337
cessfully received by a MU, provided that the instantaneous 338
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received signal-to-noise-ratio (SNR) is higher than a pre-339
defined threshold γ [30]. In order to avoid collisions340
amongst multiple transmitters, orthogonal-frequency-division-341
multiple-access (OFDMA) or code-division-multiple-access342
(CDMA) may be invoked for allocating each transmitter an343
orthogonal channel. We denote the successful packet reception344
probability (SPRP) of a link as μl(yl). By jointly considering345
the PHY layer model, the SPRP is derived as346
μl(yl) = Pr
(
Prt xl |hl(t)|2
l(yl)N0Wl
> γ
)
=
⎧⎪⎨⎪⎩ e
− γ N0Wl
Prt xl , yl < d0,
e
− γ N0Wl
Prt xl
(
4π fc
c
)κ
yκl
, yl ≥ d0,
(5)
where Ptxl is the corresponding transmit power and N0Wl is the347
noise power in a communication bandwidth Wl . Given the pdf348
fYl (yl) of the random distance Yl , the average SPRP μl of a link349
is derived as350
μl =
∫ d0
0
e
− γ N0Wl
Ptxl fYl (yl)dyl
+
∫
yl≥d0
e
− γ N0Wl
Ptxl
(
4π fc
c
)κ
yκ fYl (yl)dyl . (6)
Substituting the corresponding parameters and the pdf of the351
random distance into (6), we can obtain the average SPRP μs352
between a pair of MUs and μb between the BS and a MU.353
Moreover, the following lemma is proposed for our further354
analysis:355
Lemma 1: Given the average SPRP μl of a link during a TS,356
the average SPRP during a sufficiently short time interval t357
(t  1 TS) is approximately μlt .358
Proof: The proof can be found in Appendix A.359 
Note that the SPRP also represents the normalized through-360
put, whose unit is packet/TS [30]. In more details, μl indicates361
that μl packets in average can be successfully received dur-362
ing a TS. Therefore, during t (≤ 1) TS, only μlt packets363
in average can be successfully received.364
III. DELAY ANALYSIS OF THE PACKET DISSEMINATION365
In this section, various delay metrics of the packet dissemina-366
tion process are derived with respect to a specific group size N .367
These metrics may replace the performance function P(|Gi | =368
N ) in (3) in order to characterize the average performance as a369
function of the content popularity.370
A. Pure Birth Markov Chain (PBMC)371
Let us assume that there are N MUs in a considered social372
group. During the process of packet dissemination across the373
target social group, the number of POs steadily increases until374
all the N social group members successfully receive the packet375
of common interest. Hence, the packet dissemination process376
can be modelled by a discrete-time PBMC having (N + 1)377
states, as shown in Fig. 3. In this PBMC, the states represent378
Fig. 3. A pure-birth Markov chain having an absorption state.
the corresponding numbers of POs having received the packet. 379
State transition only occurs from a lower-indexed state to a 380
higher-indexed one. Specifically, the state transition emerges 381
from state 0, which represents the initial stage of the BS-aided 382
multicast, and terminates in state N , which indicates that all 383
the N MUs in the target social group have received the desired 384
packet. 385
Let us first consider the general transition probability from 386
state k to state (k + m), where we have 1 ≤ k ≤ (N − 1) and 387
0 ≤ m ≤ (N − k). In the light of the selfish user-behaviour 388
considered, we assume that only nk , 1 ≤ nk ≤ k, POs are 389
willing to further disseminate the packet at the current stage. 390
Therefore, any unserved MU out of the (N − k) unserved ones 391
is connected to the nk POs by nk wireless links, and any of 392
these links has the probability of μst to successfully deliver 393
the packet during the time interval t according to Lemma 1. 394
As a result, given that nk POs independently deliver their pack- 395
ets to the same target, the SPRP of an unserved MU is expressed 396
as [1 − (1 − μst)nk ]. Furthermore, the state transition prob- 397
ability pk,k+m|nk =0, which is also the probability of m out of 398
the (N − k) unserved MUs successfully receiving the packet 399
during the current time interval t , can be expressed as 400
pk,k+m|nk =0 =
(
N − k
m
) [
1 − (1 − μst)nk
]m
.(1 − μst)nk(N−k−m)
=
(
N − k
m
)[
1−
nk∑
i=0
(
nk
i
)
(−μst)i
]m
.(1 − μst)nk(N−k−m)
=
(
N − k
m
)[ nk∑
i=1
(
nk
i
)
(−1)i+1(μst)i
]m
.(1−μst)nk(N−k−m). (7)
According to (7), the state transition probability pk,k+m|nk =0 401
has the same growth rate as μms tm . Hence, the adjacent-state 402
transition probability pk,k+1|nk =0 of traversing from state k to 403
state (k + 1) has the same growth rate as μst . Substituting 404
m = 1 into (7), pk,k+1|nk =0 can be expressed as 405
pk,k+1|nk =0 = (N − k)nkμst
+ (N − k)
⎡⎣nk (N−k−1)∑
i=2
(
nk(N − k − 1)
i
)
(−μst)i
−
nk (N−k)∑
j=2
(
nk(N − k)
j
)
(−μst) j
⎤⎦ . (8)
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TABLE II
PARAMETERS OF THE PHY LAYER
Fig. 4. State transition probabilities when t = 0.001 TS.
The terms in the square brackets of (8) have the same growth406
rate as μ2st
2
. Compared to the first term (N − k)nkμst in407
(8), the terms in the square brackets are negligibly low, when408
μst is close to zero. Hence, in this case, we can approxi-409
mate pk,k+1|nk =0 as pk,k+1|nk =0 ≈ (N − k)nkμst . Similarly,410
when μst is close to zero, pk,k+m|nk =0 associated with m ≥411
2 in (7) can be approximated as pk,k+m|nk =0 ≈ 0. Moreover,412
substituting m = 0 into (7), we obtain the probability of the413
PBMC sojourning in the current state k after the time inter-414
val t , which is pk,k|nk =0 = (1 − μst)nk(N−k). Again, when415
μst is very close to zero, pk,k|nk =0 can be approximated as416
pk,k|nk =0 ≈ 1 − nk(N − k)μst .417
Another scenario is that no POs are willing to for-418
ward the packet, corresponding to the case nk = 0. Then419
the (N − k) unserved MUs have to receive the packet420
directly from the BS. Similarly, we can also demonstrate421
that pk,k+1|nk=0 ≈ (N − k)μbt and pk,k|nk=0 ≈ 1 − (N −422
k)μbt , while pk,k+m|nk=0 ≈ 0 for m ≥ 2, provided that μbt423
is sufficiently small. Furthermore, it can be shown that p0,1 ≈424
Nμbt , p0,0 ≈ 1 − Nμbt and p0,m ≈ 0 for m ≥ 2, provided425
that μbt is sufficiently small.426
According to the PHY layer parameters in TABLE II, we plot427
the state transition probabilities for state k = 50 and for state428
k = 0, respectively, in Fig. 4. We observe from Fig. 4 that the429
state transition probabilities of pk,k+m and p0,m for m ≥ 2 are430
negligibly low, which demonstrates the high accuracy of the431
above approximations involved.432
Therefore, assuming a sufficiently short time interval t ,433
only adjacent-state transitions occur during the process mod-434
elled by the discrete-time PBMC, as shown in Fig. 3.435
B. Delay of State Transition436
In order to study the delay statistics of disseminating a437
specific packet, we need to know the specific delay that the438
PBMC spends in a particular state, which is termed as the439
state transition delay. As a result, the following lemma may 440
be formulated: 441
Lemma 2: Given the state transition probability μ˜kt from 442
the current state k to state (k + 1), the transition delay from 443
state k to state (k + 1) obeys the exponential distribution with a 444
mean of 1/μ˜k TS, provided that t is sufficiently small. Here, 445
μ˜k is termed as the transition rate. 446
Proof: The proof can be found in Appendix B. 447
Based on Lemma 2, the discrete-time PBMC seen in Fig. 3 448
can be further simplified to a continuous-time PBMC, which 449
only has adjacent-state transitions. The transition rate of this 450
continuous-time PBMC can be shown to be pk,k+1/t , where 451
pk,k+1 is the adjacent-state transition probability derived in 452
Section III-A. 453
Let us first consider the delay Tk of the transition from state 454
k to (k + 1), when k ≥ 1. Since each PO has a probability q of 455
forwarding the packet, in the current state k, the number nk (0 ≤ 456
nk ≤ k) of POs willing to forward the packet obeys a Binomial 457
distribution having a pair of parameters k and q, whose pmf is 458
given by [31] 459
p(nk) =
(
k
nk
)
qnk (1 − q)k−nk , nk = 0, 1, . . . , k. (9)
For the case of nk = 0, we have pk,k+1|nk =0 ≈ nk(N − 460
k)μst . According to Lemma 2, the delay Tk of the transition 461
from state k to state (k + 1) obeys an exponential distribu- 462
tion having a rate of nk(N − k)μs = nkμs,k , where μs,k = 463
(N − k)μs . Hence, when nk = 0, the conditional pdf, the mean 464
and the second moment of Tk may be formulated as 465
fTk |nk (tk) = nkμs,k · e−nkμs,k tk , tk ≥ 0 (10)
E [ Tk | nk] =
∫ ∞
0
tk fTk |nk (tk)dtk =
1
nkμs,k
, (11)
E
[
T 2k
∣∣∣ nk] = ∫ ∞
0
t2k fTk |nk (tk)dtk =
2
(nkμs,k)2
. (12)
For the case of nk = 0, we have pk,k+1|nk=0 ≈ (N − 466
k)μbt , as the MUs in the target social group have to receive 467
the packet from the BS. According to Lemma 2, the delay Tk 468
of the transition from state k to (k + 1) obeys an exponential 469
distribution having a rate of μb,k = (N − k)μb. Hence, given 470
nk = 0, the conditional pdf, the mean and the second moment 471
of Tk are derived as 472
fTk |nk=0(tk) = μb,k · e−μb,k tk , tk ≥ 0 (13)
E [ Tk | nk = 0] =
∫ ∞
0
tk fTk |nk=0(tk)dtk =
1
μb,k
, (14)
E
[
T 2k
∣∣∣ nk = 0] = ∫ ∞
0
t2k fTk |nk=0(tk)dtk =
2
μ2b,k
. (15)
According to the classic Bayesian principle [31], the pdf of Tk 473
may be expressed as 474
HU et al.: DELAY ANALYSIS OF SOCIAL GROUP MULTICAST-AIDED CONTENT DISSEMINATION 7
fTk (tk) =
k∑
nk=1
fTk |nk (tk) · p(nk) + fTk |nk=0(tk) · p(nk = 0)
=
k∑
nk=1
(
k
nk
)
qnk (1 − q)k−nk · nkμs,ke−nkμs,k tk
+ (1 − q)kμb,ke−μb,k tk . (16)
Moreover, the mean of Tk is formulated as475
E [Tk] = E [ Tk | nk = 0] p(nk = 0) +
k∑
nk=1
E [ Tk | nk] p(nk)
= (1 − q)
k
μb,k︸ ︷︷ ︸
E[Tk,b]
+
k∑
nk=1
(
k
nk
)
qnk (1 − q)k−nk
nkμs,k︸ ︷︷ ︸
E[Tk,s ]
, (17)
where E[Tk,b] represents the average duration of the BS-aided476
multicasting invoked during the transition from state k to state477
(k + 1), where E[Tk,s] is the average duration of the social478
group multicasting during this state transition. Furthermore, the479
second moment of Tk is formulated as480
E
[
T 2k
]
= E
[
T 2k
∣∣∣ nk = 0] p(nk = 0) + k∑
nk=1
E
[
T 2k
∣∣∣ nk] p(nk)
= 2(1 − q)
k
μ2b,k
+
k∑
nk=1
(
k
nk
)
2qnk (1 − q)k−nk
(nkμs,k)2
. (18)
From (17) and (18), we can also derive the variance481
of Tk by using the formula of V ar [Tk] = E[T 2k ]−{E[Tk]}2.482
Furthermore, we may simply derive the pdf, the mean and the483
second moment of the transition delay T0 from state 0 to state 1484
by substituting k = 0 in (13), (14), and (15), respectively.485
C. Dissemination Delay486
Since the delay of the transition from a state to its successor487
is independent of any other state transition’s delay, and given488
that the dissemination delay across the target social group is489
defined as TD = ∑N−1k=0 Tk , the mean of TD can be expressed as490
E[TD] =
N−1∑
k=0
(1 − q)k
μb,k
+
N−1∑
k=1
k∑
nk=1
(
k
nk
)
qnk (1 − q)k−nk
nkμs,k
,
(19)
while the variance of TD can be formulated as V ar [TD] =491 ∑N−1
k=0 V ar [Tk].492
There is no exact closed-form tdf for the dissemination delay493
TD in this general case. However, given its mean and vari-494
ance, we may approximate it as a random variable obeying the495
Gamma distribution, which is usually more accurate than its496
Gaussian counterpart, when non-negative random variables are497
concerned [32]. According to the theory of the Gamma distri-498
bution [33], it is uniquely and unambiguously described by its499
shape parameter m = {E[TD]}2/V ar [TD] and scale parame-500
ter  = V ar [TD]/E[TD]. Then, given a delay threshold Dth ,501
we may derive the approximate probability of the dissemination502
delay TD exceeding Dth as503
Pr(TD > Dth) ≈
	
(
m,
Dth

)
	(m)
=
	
( {E[TD]}2
V ar [TD]
,
Dth E[TD]
V ar [TD]
)
	
( {E[TD]}2
V ar [TD]
) .
(20)
The accuracy of (20) will be verified by the Monte-Carlo 504
simulation in Section V. 505
D. Individual User-Delay 506
A specific MU A in the target social group may receive the 507
packet at any state spanning from 1 to N during the process 508
of state transitions. When considering the transition from state 509
(k − 1) to k (1 ≤ k ≤ N ), any of the (N − k + 1) unserved 510
MUs may successfully receive the packet with a probability 511
of 1/(N − k + 1), and may not receive it with a probability of 512
(N − k)/(N − k + 1). Specifically, the probability ofA receiv- 513
ing the packet in state k, which naturally implies that A has 514
not received the packets at any of the previous states, may be 515
expressed as 516
pk = 1N − k + 1 ·
k−1∏
i=1
N − i
N − i + 1 =
1
N
, 1 ≤ k ≤ N . (21)
Hence, given that A receives the packet in state k, the 517
individual user-delay of A is expressed as TA|k = ∑k−1j=0 Tk 518
and the conditional pdf of TA|k is expressed as fTA|k(tA) = 519
fT0+···+Tk−1(tA). According to the Bayesian principle [31], the 520
pdf of the individual user-delay TA can be expressed as: 521
fTA(tA) =
N∑
k=1
fTA|k(tA) · pk =
N∑
k=1
fT0+···+Tk−1(tA)
N
. (22)
Furthermore, owing to the fact that {T0, T1, . . . , Tk−1} are inde- 522
pendent of each other, the average of TA can be obtained 523
as 524
E[TA]=
∫ ∞
0
tA
N∑
k=1
fT0+···+Tk−1(tA)
N
dtA=
N∑
k=1
1
N
·
k−1∑
i=0
E [Ti ]
=
N∑
k=1
N − k + 1
N
E
[
Tk−1
]
, (23)
where E
[
Tk−1
]
is given by (17). Furthermore, the second 525
moment of TA is given by 526
E[T 2A] =
∫ ∞
0
N∑
k=1
t2A fT0+···+Tk−1(tA)
N
dtA
=
N∑
k=1
E
[
(T0 + T1 + · · · + Tk−1)2
]
N
=
N∑
k=1
k−1∑
i, j=0
E[Ti Tj ]
N
=
N∑
k=1
N − k + 1
N
E[T 2k−1] +
N∑
k=1
ξ Tk [Hk − Ik] ξ k
N
, (24)
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where ξ k = (E[T0],E[T1], . . . ,E[Tk−1])T , Hk is a k × k527
matrix, whose elements are all ones, and Ik is a k × k identity528
matrix. Consequently, the variance of TA can be expressed as529
V ar(TA) = E[T 2A]−{E[TA]}2. Hence, by substituting E[TA]530
and V ar [TA] into (20), we may obtain the approximate proba-531
bility of TA exceeding threshold Dth .532
IV. DELAY METRICS FOR SPECIAL CASES533
A. Case 1: Conventional BS-Aided Multicast (q = 0)534
In this pessimistic case, all the MUs in the target social group535
are selfish during the packet dissemination process. Hence, the536
BS has to disseminate the packet to all the MUs in the target537
social group.538
1) Dissemination Delay: When FA is q = 0, according539
to Eqs.(13)∼(15) in Section III-B, the state transition delays540
{Tk, k = 0, 1, . . . , (N − 1)} are the independent exponentially541
distributed variables associated with the rates of {μ˜k = (N −542
k)μb, k = 0, 1, . . . , (N − 1)}. Since the dissemination delay543
is defined as TD = ∑N−1k=0 Tk , TD obeys the hypoexponen-544
tial distribution [34]. Furthermore, since the rates of {Tk, k =545
0, 1, . . . , (N − 1)} are different from each other, the pdf of TD546
can be expressed as547
fTD |q=0(tD) =
N−1∑
k=0
N−1∏
j=0, j =k
N − j
k − j (N − k)μbe
−(N−k)μbtD .
(25)
In order to derive the probability of TD exceeding a given548
threshold Dth , we integrate the above pdf fTD |q=0(tD) over the549
region [Dth,∞), which is expressed as550
Pr(TD > Dth |q = 0) =
∫ ∞
Dth
fTD |q=0(tD)dtD
=
N−1∑
k=0
N−1∏
j=0, j =k
N − j
k − j e
−(N−k)μb Dth .
(26)
2) Individual User-Delay: When the FA is q = 0, the indi-551
vidual user-delay is solely determined by the quality of the552
wireless link connecting the MU A to the BS. As a result,553
according to Lemma 2, the individual user-delay TA obeys an554
exponential distribution having a mean of 1/μb. Furthermore,555
the probability of TA exceeding a given threshold Dth is556
derived as Pr(TA > Dth |q = 0) = exp(−μb Dth).557
B. Case 2: Fully Altruistic Behaviours (q = 1)558
In this optimistic scenario, all the MUs in the target social559
group are completely altruistic. Since there are always some560
POs willing to forward the packet during the dissemination561
process, the BS is not invoked for multicasting the packet any562
more, once some of the MUs have initially received it from the563
BS.564
1) Dissemination Delay: When the FA is q = 1, by sub-565
stituting nk = k into Eqs.(10)∼(12) in Section III-B, we566
know that the state transition delays {Tk, k = 1, . . . , (N − 567
1)} are independent exponentially distributed variables associ- 568
ated with the rates of {μ˜k = k(N − k)μs, k = 1, 2, . . . , (N − 569
1)}. Furthermore, by substituting k = 0 into Eqs.(13)∼(15) in 570
Section III-B, the initial state transition delay T0 is also an expo- 571
nentially distributed variable associated with a rate of μ˜0 = 572
Nμb. Note furthermore that T0 is also independent of {Tk, k = 573
1, . . . , (N − 1)}. Since the dissemination delay is defined as 574
TD = ∑N−1k=0 Tk , TD obeys the hypoexponential distribution. 575
However, the rates of {μ˜k = k(N − k)μs, k = 576
1, 2, . . . , (N − 1)} associated with {Tk, k = 1, . . . , (N − 1)} 577
exhibit a symmetric structure. For example, the rates of Tk 578
and TN−k share the same value of k(N − k)μs . Hence, the 579
closed-form equation for the tdf of TD may only be expressed 580
in the form of a continuous phase-type distribution [35]. As a 581
result, when q = 1, the transition rate matrix of the PBMC is 582
expressed as 583
P=
⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝
−μ˜0 μ˜0 0 · · · 0 0
0 −μ˜1 μ˜1 . . . 0 0
...
. . . −μ˜k μ˜k . . .
...
0 0
. . . −μ˜N−2 μ˜N−2 0
0 0 · · · 0 −μ˜N−1 μ˜N−1
0 0 · · · 0 0 0
⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠
=
(Q Q0
0 0
)
,
(27)
where Q is a (N × N )-element matrix containing all the tran- 584
sition rates between transient states, Q0 is a (N × 1) column 585
vector containing all the transition rates from transient states to 586
the absorbing state N , whose last entry is μ˜N−1 and finally, 587
the remaining entries are all zeros. As shown in Fig.3, the 588
packet dissemination process starts from the initial state 0. 589
Thus, the probability of TD exceeding a given threshold Dth 590
is expressed as 591
Pr(TD ≥ Dth |q = 1) = τ T1 × exp(DthQ) × 1N . (28)
Note that in (28), the (N × 1) column vector τ k+1 (0 ≤ k ≤ 592
N − 1), whose (k + 1)th entry is one but all the others are 593
zeros, indicates that the PBMC starts at state k, while the 594
(N × 1) column vector 1k+1, whose first (k + 1) entries are 595
ones and the remaining entries are zeros, indicates that the 596
PBMC process is absorbed at state (k + 1). The proof of (28) 597
can be found in [36]. 598
2) Individual User-Delay: Given an event that the MU A 599
successfully receives the packet at state (k + 1) (0 ≤ k ≤ N − 600
1), the PBMC used for modelling the packet dissemination in 601
Fig.3 is considered to be terminated at state (k + 1). According 602
to the physical meaning of both τ k+1 and 1k+1, similar to (28), 603
the probability of TA exceeding the threshold Dth , given thatA 604
receives the desired packet at state (k + 1) for (0 ≤ k ≤ N − 605
1), is expressed as 606
Pr(TA ≥ Dth |q = 1, k + 1) = τ T1 × exp(DthQ) × 1k+1.
(29)
Since we have already derived the probability of pk+1 = 1/N 607
that A receives the packet at state (k + 1) in (21), according to 608
the Bayesian principle [31], the probability of TA exceeding the 609
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threshold Dth is derived as610
Pr(TA ≥ Dth |q = 1) =
N−1∑
k=0
Pr(TA ≥ Dth |q = 1, k + 1) · pk+1
=
N−1∑
k=0
τ T1 ×exp(DthQ)×1k+1
N
= τ
T
1 ×exp(DthQ)
N
×
N−1∑
k=0
1k+1
= τ
T
1 × exp(DthQ) × η
N
, (30)
where η = (N , N − 1, . . . , 1)T is a (N × 1) column vector.611
C. Case 3: Moderately Altruistic Behaviours (q = 0.5)612
Unfortunately, we are unable to derive the exact tdf for the613
scenario, when the FA is set to q = 0.5. However, we are still614
able to offer some interesting insights concerning the delay met-615
rics of this specific case. Substituting q = 0.5 into the second616
term of (17), the average duration of the social group multicast617
process during the transition from state k to (k + 1) for k ≥ 1618
can be given by619
E[Tk,s |q = 0.5] = 12k · μs,k
k∑
nk=1
(
k
nk
)
1
nk
. (31)
According to Eq.(68.1) of [33], we arrive at the following lower620
bound for E[Tk,s |q = 0.5], which is expressed as:621
E[Tk,s |q = 0.5] > 12k · μs,k
⎡⎣ k∑
nk=0
(
k
nk
)
1
nk + 1 − 1
⎤⎦
= 1
2k · μs,k
2k+1 − k + 2
k + 1 . (32)
Similarly, substituting q = 1.0 into the second term of (17),622
the corresponding formula of E[Tk,s |q = 1.0] for this fully623
altruistic behaviour may be expressed as E[Tk,s |q = 1.0] =624
1/(kμs,k). As a result, the ratio Rk,s of these two expressions625
can be formulated as626
Rk,s = E[Tk,s |q = 0.5]
E[Tk,s |q = 1.0] >
(2k+1 − k + 2)k
2k(k + 1) . (33)
In the ideal scenario, when k tends to infinity, this ratio can be627
expressed as limk→∞ Rk,s > 2. Since the lower bound derived628
in (32) is very tight8, we can summarise that by assuming mod-629
erately altruistic behaviours, the average duration of the social630
group multicasting during the transition from state k to (k + 1)631
is twice that of the fully altruistic scenario, provided that k is632
sufficiently high.633
Let us now demonstrate the tightness of the lower bound (32)634
in terms of the average dissemination delay. Substituting (32)635
into (19), the lower bound of the average dissemination delay636
8The tightness of this lower bound will be demonstrated in the following
paragraph in terms of the average dissemination delay.
Fig. 5. Geographic features for obtaining numerical results.
E[TD|q = 0.5] can be formulated as 637
E[TD|q = 0.5] =
N−1∑
k=0
1
2kμb,k
+
N−1∑
k=1
1
2kμs,k
k∑
nk=1
(
k
nk
)
1
nk
>
N−1∑
k=0
1
2kμb,k
+
N−1∑
k=1
1
2k · μs,k
2k+1 − k + 2
k + 1 .
(34)
When we compute the exact result of E[TD|q = 0.5], which is 638
represented by the first line of (34), and its lower bound, which 639
is quantified by the second line of (34), then for a large social 640
group size N , such as N = 50∼200, using a set of other related 641
parameters in line with those of Fig. 6, the root-mean-square- 642
deviation (RMSD) of these two sets of results can be shown 643
to be 0.094 TS. Hence, we can claim that for a large social 644
group size, which represents our densely populated scenario, 645
the lower bound expressed in (34) can be regarded as an approx- 646
imate result of E[TD|q = 0.5]. Furthermore, the tightness of the 647
lower bound derived in (33) can also be readily demonstrated. 648
Similarly, with the aid of (32), we can also obtain the lower 649
bound for the average individual user-delay E(TA|q = 0.5). 650
V. NUMERICAL RESULTS 651
The parameters of the PHY layer are presented in TABLE II. 652
The specific parameters used for transmissions from the BS 653
to the MUs are in line with FDD-LTE standard9, while the 654
transmission parameters between the MUs are in line with the 655
commonly used 802.11 protocol [18]. 656
As shown in Fig. 5, we assume that all MUs in the target 657
social group roam in a circular area having a radius of r = 40 658
m by obeying the uniform mobility model. The BS is d = 200 659
m away from the centre of the circular area. In this scenario, 660
the pdf fYs (ys) of the distance between a pair of MUs is given 661
by Eq. (23) of [38], and fYb (yb) between the BS and a MU can 662
be found in our technical report [39]. Substituting fYs (ys) and 663
fYb (yb) into (6), alongside the parameters offered in TABLE II, 664
we may obtain the average SPRP μs and μb, which further lead 665
us to the analytical (ana) results for the various metrics. If we 666
let q = 0 in our model, the corresponding analytical results are 667
derived for conventional BS-aided multicast. 668
In order to obtain a reliable statistical characterization of the 669
simulation performance (sim), we repeatedly run Monte-Carlo 670
9We assume a 1.8 GHz carrier frequency in line with the LTE networks
operated by the British company EE [37].
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Fig. 6. Average dissemination delay affected by the number of MUs in the
target social group, which is parameterized by the FA. The analytical results
were evaluated from Eq. (19).
Fig. 7. Average individual user-delay as a function of the number of MUs in
the target social group, which is parameterized by the FA. The analytical results
were evaluated from (23).
simulations 10 000 times and set the time-interval of our system671
to be t = 0.001 TS, where a TS can be considered as a packet672
duration. All the delay related metrics are evaluated by the num-673
ber of TSs. In the numerical results of Figs. 6–8, we study the674
impact of the social group size N on the delay metrics of the675
packet dissemination process without considering any specific676
content popularity.677
A. Delay Metrics for Uniform Mobility Model678
As shown in Fig. 6, when FA = 0, the average dissemina-679
tion delay firstly increases, as the number of MUs is increased.680
When only a few MUs are in the target social group, a longer681
period is required for disseminating the packet to all of the682
group members due to the increasing content demand of the683
unserved MUs. However, by further increasing the number of684
Fig. 8. The tail distribution of the delay versus (a) the transmit power and
(b) the SNR threshold for successful reception, which is parameterized by the
number of MUs in the target social group. The analytical results were either
directly or indirectly derived from Eq.(20).
MUs, the diversity gain incurred by the cooperation of the 685
multiple multicasters becomes sufficiently high to mitigate the 686
adverse effect of the increasing content demand. As a result, we 687
observe that the average dissemination delay decays after reach- 688
ing its peak, as the number of MUs is further increased. For 689
example, for FA = 0.2, the delay is reduced by 53.5%, as the 690
number of MUs is increased from N = 20 to 60. Furthermore, 691
a higher FA incurs a lower delay, since more POs are willing to 692
forward the packet after they successfully receive it. For exam- 693
ple, for N = 20, the average dissemination delay is reduced 694
by 75.4%, as the FA is increased from 0.2 to 1. By contrast, 695
when FA = 0, the conventional BS-aided multicast technique 696
is invoked. However, as the number of the MUs increases, the 697
average dissemination delay also increases. We observe from 698
Fig. 6 that our approach is capable of reducing the average 699
dissemination delay of the conventional BS-aided multicast by 700
56.5% for N = 80, when a small FA value of 0.2 is assumed. 701
As shown in Fig. 7, when only a few MUs are in the tar- 702
get social group and the FA is non-zero, due to the users’ 703
selfishness, fewer than two POs are willing to forward the 704
packet during the dissemination process. Therefore, we observe 705
from Fig. 7 that the average individual user-delay initially 706
increases, because it does not benefit from any diversity gain. 707
However, as we further increase the number of MUs, an increas- 708
ing number of POs become willing to forward the packet, 709
which substantially reduces the average individual user-delay, 710
as observed from Fig. 7. For example, for FA = 0.2, the aver- 711
age individual user-delay is reduced by 44.1%, as the number of 712
MUs is increased from N = 20 to 60. Nevertheless, when the 713
conventional BS-aided multicast is invoked, the average indi- 714
vidual user-delay, which only relies on the link connecting this 715
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Fig. 9. Average dissemination delay as a function of the rank of the popu-
lar content. The transmit power of the BS is Ptxb = 31 dBm and the transmit
power of a MU is Ptxt = 0 dBm.N = 100 MUs independently requestM = 10
ranked-popularity pieces of contents according to the request probabilities
listed in TABLE I when α = 0.56. The analytical results were evaluated from
Eq.(3).
specific MU to the BS, remains near-constant at 2.95 TS, as the716
number of MUs increases. Furthermore, the average individual717
user-delay is improved, when we increase the value of the FA.718
For example, given N = 20 MUs in the target social group, the719
average individual user-delay is reduced by 60.6%, as the FA is720
increased from 0.2 to 1.0. Additionally, given N = 80 MUs in721
the target social group, the average individual user-delay drops722
from 2.95 TS to 1.3 TS, comparing the conventional BS-aided723
multicast to our approach associated with FA = 0.5.724
Observe in Fig. 8(a) that the probability of the dissemina-725
tion delay exceeding a threshold of Dth = 6 TS reduces upon726
increasing the transmit power of each MU. By contrast, as727
portrayed in Fig. 8(b), the probability of the individual user-728
delay exceeding the same threshold increases upon increasing729
the SNR threshold to be exceeded for ensuring successful730
packet reception. Our Gamma-distribution-based approxima-731
tions match the simulation results.732
Then, we study the average dissemination delay as a func-733
tion of the specific popularity of the pieces of contents in734
Fig. 9. Observe from Fig. 9 that as a piece of contents becomes735
less popular, the average dissemination delay of our scheme736
increases, when we have a moderate degree of altruism asso-737
ciated with FA = 0.5. When a piece of content is less popular,738
fewer MUs may request this content, hence the resultant smaller739
social group fails to provide sufficient cooperative multicast740
opportunities for rapidly disseminating the packet across the741
social group. By contrast, since a less popular piece of contents742
results in a lower content demand, the average dissemination743
delay of the BS-aided multicast reduces, as the content becomes744
less popular. Furthermore, as shown in Fig. 9, our scheme asso-745
ciated with FA = 0.5 outperforms the conventional BS-aided746
multicast in terms of its delay of disseminating the most popular747
content. Nevertheless, the BS-adied multicast is more suitable748
for disseminating the less popular pieces of contents.749
B. Investigations Using Real Mobility Traces750
Let us now study the content dissemination performance751
in a densely-populated subway station scenario [40]. The752
mobility traces for this scenario can be downloaded from the753
CRAWDAD database10. The active area in this scenario is754
10http://crawdad.cs.dartmouth.edu/kth/walkers/
Fig. 10. A densely popluated subway station.
Fig. 11. Average individual user-delay in a subway station when all the MUs
in the subway station form a grand social group for downloading a content of
common interest.
1921 m2. After analysing the mobility traces, the centre O of 755
the active area is found to be at the coordinates of (44, 30.55) 756
m, as shown in Fig. 10. In our simulations, we placed the BS at 757
the point (−156, 30.55) m, which is 200 m away from the cen- 758
tre of the subway station. Since the MUs arrive/depart either 759
through the entrances or during the arrival/departure of trains, 760
the number of MUs is dynamic during the simulation time. As 761
a result, we cannot readily obtain the dissemination delay in 762
this scenario. However, we are still able to evaluate the indi- 763
vidual user-delay, when our content dissemination scheme and 764
conventional BS-aided multicast scheme are invoked. Again, 765
the physical layer parameters are summarised in TABLE II. 766
Since the positions of the MUs are captured every 0.6 s in this 767
mobility trace, in our simulations we set the basic time inter- 768
val of t = 0.6 s as a single TS, which can be considered as a 769
packet’s duration. Then the delay was evaluated in terms of the 770
number of TSs. 771
We first assume that all the MUs in the subway station form 772
a large social group in order to download the train schedule of 773
common interest. Observe from Fig. 11 that for the cases of 774
Ptxs = 0 dBm and Ptxs = 5 dBm, the average individual user- 775
delay is reduced, as we increase the FA from 0.0 to 1.0. For 776
Ptxs = −5 dBm, when FA is increased from 0.0 to 0.1, we 777
observe an increasing average individual user-delay. This is 778
because the SPRP between the MUs is low and also, because 779
fewer POs are willing to forward the packet. As FA becomes 780
higher, more POs may join to assist the packet dissemina- 781
tion process, which significantly reduces the average individual 782
user-delay. Specifically, when FA = 0, conventional BS-aided 783
multicast is invoked for disseminating the packets. For Ptxs = 0 784
or 5 dBm, if the MUs become only modestly altruistic, say we 785
have FA = 0.1, our content dissemination scheme outperforms 786
12 IEEE TRANSACTIONS ON COMMUNICATIONS
Fig. 12. Average individual user-delay in a subway station when the MUs in
the subway station independently request M = 10 ranked-popularity pieces of
contents according to the probabilities listed in TABLE I when α = 1.
Fig. 13. The structure of a TS.
the conventional BS-aided multicast. For Ptxs = −5 dBm, our787
scheme starts to outperform the classic BS-aided multicast,788
provided that FA is higher than 0.4.789
We then study the impact of the specific content popular-790
ity on the average individual user-delay in a subway station.791
Observe from Fig. 12 that when disseminating the most popular792
content in the subway station, our dissemination scheme asso-793
ciated with FA = 0.5 outperforms the conventional BS-aided794
multicast. However, the BS-aided multicast is more suitable for795
disseminating less popular content in this scenario. The reason796
behind this trend is the same as that associated with Fig. 9.797
VI. CONCLUSIONS798
In this paper, we proposed a social group multicast aided799
content dissemination scheme as a supplement to the conven-800
tional cellular system. The content popularity is modelled by801
a Zipf distribution and the concept of FA was introduced for802
the sake of quantifying the probability of a PO forwarding a803
packet of the content of common interest. In our scheme, the804
BSs are invoked for multicasting the packet at the initial stage,805
as well as when no POs are willing to share the packet with oth-806
ers. By modelling the packet dissemination process as a PBMC,807
closed-form expressions were derived for the statistical prop-808
erties of the various delay metrics. We demonstrated that our809
approach outperforms the conventional BS-adied multicast in810
terms of both the dissemination delay and the individual-user811
delay, especially when the density of MUs in a target group is812
high. Furthermore, we found that our approach is more suit-813
able for disseminating a more popular content. By contrast, the814
conventional BS-aided multicast performs better for dissemi-815
nating a less popular content.816
APPENDIX A 817
THE PROOF OF LEMMA 1 818
As shown in Fig. 13, a TS is divided into M sub-TSs, each 819
of which has a duration of t = 1/M TS. We assume that the 820
SPRP in a sub-TS is νi . As a result, given the SPRP μi in a 821
TS, we may derive the relation between μi and νi , which is 822
expressed as 823
μi =
M∑
j=1
(1 − νi ) j−1νi = 1 − (1 − νi )M . (35)
Rewriting the above expression, we obtain 824
νi = 1 − (1 − μi )1/M = 1 − (1 − μi )t , (36)
where the second equality is derived according to t = 1/M 825
TS. If we expand (1 − μi )t according to the Taylor series, we 826
have 827
(1 − μi )t =
∞∑
n=0
(
t
n
)
(−μi )n = 1 − μit + O(μ2i ), (37)
where O(μ2i ) is the infinitesimal by small quantity on the same 828
order as μ2i . Substituting the above equation into (36), we have 829
νi = μit + O(μ2i ) ≈ μit. (38)
According to our experiments, if we vary μi from 0 to 0.8, 830
the root-mean-square-deviation (RMSD) between the exact νi 831
given by (36) and the approximated νi given by (38) is 9.45 × 832
10−4. As a result, it is reasonable to claim that νi ≈ μit . 833
APPENDIX B 834
THE PROOF OF LEMMA 2 835
During a time interval t , the PBMC may transit from state 836
k to (k + 1) with a probability of μ˜kt . Naturally, the success- 837
ful state transition first occurring during the (Mk = mk)-th t 838
interval obeys a geometric distribution. According to the PMF 839
of a geometric distribution having a parameter of μ˜kt , we 840
arrive at: 841
Pr (Mkt ≤ mkt) =
mk∑
m=1
(1 − μ˜kt)m−1μ˜kt,
(39)
Pr (Mkt ≤ (mk + 1)t) =
mk+1∑
m=1
(1 − μ˜kt)m−1μ˜kt.
(40)
The continuous-valued delay of the adjacent-state transition is 842
denoted as Tk = Mkt , which is associated with a specific 843
value of tk = mkt . Hence, we may derive the pdf of Tk as: 844
fTk (tk) = lim
t→0
Pr(Tk ≤ tk + t) − Pr(Tk ≤ tk)
t
= lim
t→0
Pr(Mkt ≤ (mk + 1)t) − Pr(Mkt ≤ mkt)
t
= lim
t→0
(1 − μ˜kt)mk μ˜kt
t
= lim
t→0 μ˜ke
−mk μ˜kt
= μ˜k · e−μ˜k tk , (41)
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where the last two lines are derived based on limt→0 μ˜kt =845
1 − e−μ˜kt and mk = tk/t , respectively.846
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